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tional test correlated progressively less with ability as item discriminating
power was increased beyond am1.0; 2) the conventional test provided increas-
ingly poorer equiprecision of measurement as items became more discriminating;
3) these undesirable characteristics were not characteristic of scores on the
stradaptive test; 4) the stradaptive test provided higher score-ability
correlations than the conventional test when item discriminations were high;
5) the stradaptive test provided more information and better equiprecision of
measurement than the conventional test when test lengths and item discrimin-
ations were the same for the two strategies; 6) the use of valid prior ability
estimates by stradaptive strategies resulted in.scores which had better
measurement characteristics than scores derived from a fixed entry point;
7) a Bayesian scoring technique implemented within the stradaptive testing
strategy provided scores with, good measurement, characteristics; and 8)
further research is necessary to develop improved flexible termination
criteria for the stradaptive test.
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A SIMULATION STUDY OF STRADAPTIVE ABILITY TESTING

Adaptive Testing

In constructing tests to measure mental abilities, the goal is to extract
as much information as possible about an individual's ability level from a. limited
set of test items. Until recently, constrained to use paper and pencil adminis-
tration techniques, test makers typically built a "peaked" ability test with all.
items of a difficulty such that a person with average ability could answer about
half of them correctly. This type of test provided the highest level of infor-
mation in the middle range of ability (Lord, 1970). Assuming a normal distribution
of ability, the middle range is where most individuals were concentrated. Consequently,
a perfectly peaked ability test provided the highest possible average level of
information from a fixed set of items.

Unfortunately, for the individual with a high level of ability, a test
peaked at the average ability level provided little information about his or her
ability because all the items were too easy. The resulting test score for these
individuals' simply indicated that they were of high ability, but the.test was
not sufficiently sensitive to differentiate within the high ability group.
Similarly, for individuals of low ability the test was often unable to provide
meaningful measurement.

As on-line computer systems'became widely available, it became possible to
adapt a test to an individual, giving him/her items which were neither too diffi-
cult nor too easy regardless of his/her ability level. The goal of adaptive,
or tailored, testing is to administer to the testee the subset of available items
that will provide the maximum amount of information about his ability level.
If his ability were known a prioilio he would be given a set of items that a
person of his ability level would answer about half correctly and about half
incorrectly. Since a testee's ability is not accurately known before testing
begins, the testing procedure must be designed to adapt to the individual's
ability level as it is estimated during the course of .testing, and thereby
select the optimal item set for that individual.

A variety of approximation techniques, or strategies of item selection,
have been suggested, ranging from simple two-stage techniques to complex
Bayesian and maximum likelihood techniques (see-Weiss, 1974, for a description
and comparison of adaptive testing strategies). This paper reports on the
stratified-adaptive or stradaptive (Weiss, 1973) testing strategy:

The Stradaptive Testing Strategy

The stradaptive test, as proposed by Weiss (1973), is a computer-based
analogue of Binet's intelligence testing approach. It is based on an item pool
composed of a collectionof peaked tests, or strata, ordered by difficulty and
equally spaced along the ability continuum. The best or most discr*Oinating
items are placed. at the beginning of each stratum.

Using this strategy, an initial stratum assignment is made on the basis of
some prior information about the testee's ability. Testing begins with the

first item of this stratum. On the basis of the testee's response to each item,
he is branched either up or down (typically by one stratum) to a more or less
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difficult item. As in Binet's test, termination occurs when a ceiling stratum
is reached; thus, the number of items administered. to different individuals
can vary. The ceiling stratum is one in which the testee answers all items
incorrectly (or only a chance proportion correct if multiple-choice items
are used). Weiss (1973) suggested, as an operational definition of this ceiling
level, the least difficult stratum in which a chance proportion (or less)
of items had been answered correctly after five items from that stratum had
been administered. As with the Binet test, the stradaptive test also has a
basal level which is defined as the most difficult stratum in which all items
administered are answered correctly.

Scoring of the stradaptive test can result in ten scores which can be used
to estimate ability level and five scores which reflect response consistency.
The consistency scores are designed to reflect aspects of the interaction of
an individual and a given item pool which might reflect the degree of error in
the ability level scores. Examples of stradaptive response records, and further
discussion of the logic of this testing strategy can be found in Weiss (1973),
Vale and Weiss (1975) and Vale (1975).

Empirical studies of the stradaptive strategy. To date there have been two
"live testing" or empirical studies of the stradaptive strategy. Vale and Weiss
(1975) administered two forms of the stradaptive test and one conventional test
to college students. All tests were administered by cathode ray terminals (CRTs)
'connected to a time-shared computer. The primary goals of this study were 1)
comparison of the stradaptive test and a conventional test with respect to test-
retest stability; 2) comparisons of the ten ability scores with respect to test-
retest stability; and 3) investigation of the utility of the stradaptive
consistency indices in predicting test-retest stabilities.

In the first part of the study, single administration data on the
stradaptive test as originally proposed by Weiss (1973) were collected from 476
subjects and retest data were collected from 170 subjects. Analyses showed that
meaningful comparisons between the test-retest reliabilit3es of the stradaptive
and conventional strategies were precluded by many inequllities.between the two
tests. These included different test lengths, different proportions of items
presented both on test and retest, unequal item discriminations, and the unknown
influence of initial ability estimates on stability. After attempts to
statistically correct for these inequities, no meaningful difference was found
between strategies with respect to test-retest stability.

Intratest comparisons of stradaptive scores were informative, however. The
ten ability scores grouped themselves into four clusters: 1) maximum performance

scores, such as the difficulty of the most difficult item correct; 2) scores
reflecting the difficulties of the next item or stratum the testee would have
been given had the test continued for one more stage; 3) scores derived from
the difficulty of the most difficult stratum in which the proportion correct
was greater than chance responding; and 4) average difficulty scores. The

average difficulty scores had the highest test-retest stabilities, and the scores
derived from difficulties of hypothetical next items and strata had the lowest.

Three of the five consistency scores were evaluated in terms of their utility

as variables moderating test-retest stability. This was done by subgrouping
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testees on the basis of initial test consistency scores and comparing the
test-retest stabilities of the groups. Two of the consistency scores- -
the standard deviations of difficulties of all items administered and of
all items answered correctly--were quite predictive of test-retest stability,
but the other consistency score was not.

In the second part of the study, a modification of the original stradaptive
testing strategy was evaluated. In computerized stradaptive testing, testees
may respond with a question mark if they do not know the correct answer to
an item and prefer not to guess. In the original version of the stradaptive
test, these "omits" were counted as incorrect, both in terms of branching
decisions and in scoring. To evaluate the impact of not penalizing testees
for honestly admitting they did not know the answer to an item, a modified
version of the stradaptive test was studied. In this version, omissions
were ignored in both scoring and branching; a question mark response
resulted in the administration of the next item in the stratum.

This modified stradaptive test was administered to a group of 113 subjects,
and 79 of them were retested. Results, when compared to those of the
original version of the stradaptive test, showed substantial reductions in
the utility of the consistency scores for predicting stability. The clusters
of ability scores and the ranking of those scores with respect to stability
were the same as found in the original stradaptive test. Analysis of the
question mark responses showed that subjects omitted items that were more
difficult than those which they answered incorrectly. It was concluded, there-
fore, that question mark responses in the stradaptive test should be treated
as incorrect responses, rather than being ignored in branching decisions and
in scoring.

Three suggestions were made for future research on the stradaptive test.
They were 1) monte carlo investigation of the utility of the initial ability
estimates; 2) monte carlo investigation of the utility of different termina-
tion criteria; and 3) development of improved scoring methods.

The other study of the stradaptive strategy (Waters, 1974, 1975)
investigated the modified version of the test in which omissions were ignored.
Tests in this study were also administered by CRTs connected to a time-shared
computer. The design allowed the calculation of both parallel forms reliability
and validity coefficients. Validity was operationalized as the correlation
of scores obtained from the stradaptive test with scores from a conventional
test composed of similar items taken earlier. Waters' study did not include
any analyses of the consistency scores.

The major findings of Waters' study were 1) that the stradaptive strategy
was able to attain parallel forms reliabilities and validities comparable to a
conventional test having twice as many items; 2) that the relative quality of
the scores with respect to reliability and validity was strongly dependent on
the termination criterion used; and 3) that the average difficulty of all
items answered correctly was consistently one of the beet ability level scores

in terms of parallel forms reliability and validity.

Waters' suggestions for future research were that future studies concen-
trate on criteria for test termination and on three ability scores--the inter-
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polated stratum difficulty, the average difficulty of all items answered
correctly, and the average difficulty of all items correct at the most
difficult stratum with greater than chance responding.

From the two empirical studies done on the stradaptive testing strategy,
two definite findings have emerged. First, of the scoring methods used, the
average difficulty of all items answered correctly has consistently been the
best with respect to test-retest stability, parallel forms reliability and
correlation with an external criterion. Second, all scores have higher
stabilities when omitted items are counted as incorrect responses. In addition,
the stradaptive strategy was found to yield higher alternate forms reliability
and validity than the conventional test, in one study, and there were some
data suggesting that the consistency scores were predictive of retest stability.

Computer Simulation as a Supplement to Live-Testing Studies

While empirical studies do yield important findings--indeed the stability
of scores and the effect of ignoring omitted items could only have been evaluated
in an empirical study--there are some questions that these studies are ill-
equipped to answer. Perhaps the most obvious shortcoming of an empirical study
is the fact that it takes a considerable amount of time to test a large number
of real subjects. Furthermore, real subjects require real items, and it is very
difficult to obtain real items with appropriate characteristics to evaluate
some questions of interest, such as, which strategy is better--conventional or
adaptive? In addition, too few live subjects have appropriate abilities for
evaluating tests at extremely high or low ability levels.

But the most restrictive shortcoming of live-testing studies is the fact
that the testee's ability level remains unknown to the psychometrician. This
fact precludes calculation- of various indices of how well the ability estimate
derived from the test reflects the testee's true ability level. One important
index of the goodness of a testing procedure, which uses both estimated and true
ability, is Birnbaum's (1968) information function. The information function
adequately reflects the adaptive test's goal of equiprecision of measurement;
equiprecision implies that scores at all ability levels will reflect true ability
with the same degree of precision. On the other hand, correlation coefficients
and reliability indices, which are generally available from empirical studies,
are weighted by the distributional characteristics of the trait within the
examinee group (Sympson, 1975), and therefore do not provide data from which
equiprecision of measurement can be determined.

Given a question which an empirical study is not equipped to investigate,
there are two alternative research approaches--theoretical studies and monte
carlo stimulation studies. The theoretical study evaluates a strategy by
varying parameters of interest on a purely mathematical basis. It is conceptually

superior to the monte carlo simulation study because it eliminates error. But,

due to the complexity of some testing strategies (e.g., the stradaptive strategy),
simplifying assumptions (e.g., perfectly peaked tests or subtests) are necessary
which limit the generalizability of the theoretical study to the world of real

data and people. Furthermore, in a strategy like stradaptive, the number of
calculations necessary in a theoretical study is prohibitive. Like the theoretical

study, the simulation study is based on a mathematical model rather than live

10''
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subjects. But rather than calculating exact test characteristics, they are
estimated via a stodgkic process.

Simulation studies are usually run on computers. The computer first
simulates a testee (which usually consists of randomly generating an ability
level) and then it generates a sequence of item responses on the basis of a
mathematical model of how a real subject with the given ability level would
respond to that set of items. Thousands of "subjects" are usually run and the
data are analyzed' as real data would be. However, since ability levels are
known, information curves and other statistics which require both ability
levels and ability estimates can be calculated. Like live-testing studies and
unlike theoretical studies, summary statistics on simulation study data are
subject to random fluctuations. But this is not usually a problem if large
numbers of testees are simulated.

The study reported herein is a simulation study of the stradaptive testing
strategy. In this study, findings from live-testing studies were re-examined
using the simulation technique, and some questions not answerable through live-
testing studies were investigated.

METHOD .

Design

A simulation study is valuable only to the extent that the underlying
model accurately reflects data from live-testing studies. For this reason, the
initial phase of this study entailed a simulated replication of the empirical
study by Vale & Weiss (1975). Exact replication was not possible, however,
since the empirical study used test-retest stability as an evaluative criterion.
However, test-retest correlations in a simulation study are, strictly speaking,
parallel forms reliability coefficients (Betz & Weiss, 1975) and are formally
related to the correlation between test scores and the "true" (i.e., generating)
ability. The latter correlation is equivalent to the index of reliability,
and the square of that correlation is equivalent to a parallel forms reliability
coefficient. As in the live-testing study, intercorrelations among the scores
were also calculated. Further analyses not possible in the empirical study,
such as calculation of information functions, were also done on the original
version of the stradaptive testing strategy used in the live-testing study
(here referred to as Variable-Length Stradaptive).

The major aim of the present study was a comparative analysis of the
characteristics of stradaptive test scores and conventional test scores under

varying conditions. The characteristics of greatest interest were 1) inter-
correlations among the scores; 2) correlations between generating ability and
the scores; and 3) information provided about ability by the scores at various
levels of ability.

The conditions varied within the stradaptive test were 1) the scoring
method; 2) the discriminating power of the items; 3) the quality of prior
information available about ability; and 4) the number of items administered.
The discriminating power was varied by using one of three hypothetical

item pools, described below, with item discrimination fixed at a'O.5, aul.Ox

or a'2.O. For the replication of empirical results using Variable-Length

I ids



Stradaptive, a fourth pool containing parameters of real items with varying
discrimination was also used. The quality of prior information was varied,by
providing the strategy with an initial ability estimate either fixed at
01.0.0, or distributed normally with a mean of zero and a standard deviation
of 1.0, and correlating .0, .5, or 1.0 with generating ability. The extreme
correlations were chosen to provide the upper and lower bounds on the effect
of initial ability estimates and the .5 correlation was chosen as a typical
value. The fixed test lengths investigated in this study were 10, 20, 40,
and 60 items.

In order to allow several levels of all conditions to be completely
crossed, a simplified version of the stradaptive strategy (referred to as
Fixed-Length Stradaptive) U4,21 adopted. Fixed-Length Stradaptive had a simpler
administration strategy, used fewer scoring methods, and had a fixed
termination criterion (thus allowing test length to be manipulated). One further
analysis, outside of the crossed design, was done on Fixed-Length Stradaptive.
Three potential termination criteria were evaluated on the basis of how well
they correlated with error of measurement. This was done to determine whether
flexible termination of the stradaptive test would be useful in providing
equiprecise measurement.

Tests

.Conventional Test

A conventional test was included for purposes of comparison. Items in this
test were simply administered in a linear order (i.e., with no branching on the
basis of responses) and the test was scored by calculating the proportion of
items answered correctly.

Variable-Length Stradaptive

The logic. This test was identical to the test used by Vale & Weiss (1975)
except for some minor changes in scoring strategies. On the basis of an initial

ability estimate Or the " testee" was given the first item in one of the nine

available strata. The stratum, S, from which the first item was administered was

determined by rounding the function Sm 01/.05 + 5 when 1 I S « 9, and set to

the nearest end point when outside that interval.

If the testee's response to the first item was correct, he was branched
to (.':administered" an item from) the next more difficult stratum. If his

response was incorrect, he was branched to the next easier stratum. If there

was not a sufficiently easy or diffi*ult stratum for the required branching,
(i.e., when an incorrect response was given to an item in the least difficult
stratum, or a correct response to an item in the most difficult stratum) the
testee was given another item in the same stratum. Testing continued until a

termination criterion was reached. The termination criterion used for Variable-
Length Stradaptive was the identification of a stratum in which 20% or less
of the items were answered correctly after at least five items had been
administered.

1.2-
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The scores. Fifteen scores--ten ability scores and five consistency scores--
were evaluated by Vale & Weiss (1975) and are described in detail in that report.
These scores, which were also examined in this study, were as follows:

Ability Scores

Score 1. The difficulty of the most difficult item answered correctly.

Score 2. The difficulty of the (N+1)th item or the next item that
would have been administered had testing continued.

Score 3. The difficulty of the most difficult item answered correctly
at astratum -less.difficult than the ceiling stratum
the most difficult item in the most difficult stratum having
a chance proportion or less correct); or, if no real item
existed, the difficulty of a hypothetical item (i.e.,"the
average difficulty of items that would be in the hypothe-
tical stratum if it existed) in a hypothetical stratum below
the lowest available stratum.

Scores 4, 5, and 6. The average difficulties of all items in the strata
in which items determining scores 1, 2 and 3 respectively
are found.

Score 7. The interpolated stratum difficulty, mathematically defined as:

5C-1 S(Pc-1-.50)

where B C-1 is the average difficulty of the items in the

(0-1)th stratum, and C is the ceiling stratum. Pc...,

is the proportion correct at the (C-1)th stratum and S is

C-1 if P
(c-1)

.50 or 3 C-1 - C-2 if P(c-1) < .50

Score 8. The average difficulty of all items answered correctly.

Score 9. The average difficulty of all items answered correctly
between the ceiling stratum and the basal stratum (i.e.,
the most difficult stratum in which all_items administered
were answered correctly). Defined as (D

c c -1
)/2 if ceiling

and basal strata were adjacent.

Score 10. The average difficulty of items answered correctly in the
(c -1)th stratum, or, the difficulty of the hypothetical
stratum immediately below the easiest stratum available if
the testee failed to respond correctly at greater than chance
rate in any stratum.

Consistency Scores

Score 11. The standard deviation of difficulties of all items
administered.
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Score 12. The standard deviation of difficulties of all items
answered correctly.

Score 13. The standard deviation of difficulties of all items answered
correctly between the ceiling and basal strata.

Score 14. The difference in average difficulties of ceiling and
basal strata.

Score 15. The number of strata between the ceiling and basal strata.

Fixed-Length Stradaptive

The stradaptive testing strategy was an important addition to the
strategies of adaptive testing because it took a realistic account of the
practical testing situation - -items were structured in an efficient manner,
available prior information was used, and a flexible termination rule was
implemented. But some of these practical virtues rendered the strategy very
difficult to evaluate. In live-testing, the initial ability estimates inflated
test-rcriterion correlations somewhat and the flexible termination made construction
of a comparable conventional test difficult. Thus, for research purposes,
it was appropriate to develop a simpler version which would be easier to evaluate.

. Further changes in the strategy were suggested by previous research and
other considerations. The two major changes involved eliminating some of
the scoring strategies and ceasing to use the ceiling and basal strata. As was
discussed earlier, score 8, the average difficulty of all items answered
correctly, was consistently the best of the original ten ability scores in
empirical studies. Thus, only that score was used in the analysis of
Fixed-Length Stradaptive.

All consistency scores which required finding the ceiling or basal strata

were also eliminated from this part of the study. Although conceptually simple,
locating these two strata required some rather complex logic for subjects
whose ability was at the extreme upper or lower end of the item pool. In these

cases, the ceiling and/or basal strategies were essentially arbitrarily
determined. Since the simulation study would result in substantial numbers
of testees with extreme ability levels, these scores were not used in this
study to eliminate the effects of such arbitrary decisions.

The logic. The administration logic of Fixed-Length Stradaptive was
identical to that of Variable-Length Stradaptive except for the termination
criterion. A testee was given the first item in one of nine strata chosen on
the basis of the same function of initial ability estimate used for Variable -

Length Stradaptive. Following a correct response he was branched to the next
more difficult stratum and following an incorrect response was branched ta the

next easier stratum. This process continued until a predetermined number of
items had been administered (in this study either 10, 20, 40, or 60 items).
Flexible termination was not used in this version of the stradaptive strategy.

The scores. Six scores were calculated for Fixed-Length Stradaptive- -three
ability scores and three scores intended to predict errors of measurement. The

14
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first score was score 8 from Variable-Length Stradaptive--the average difficulty
of all items answered correctly. This score was included since it was the best
of the scores in the stradagtive live-testing studies.

The second score was the average difficulty of all items administered.
This was a modification of the Variable-Length Stradaptive's score 8, the average
difficulty of all items answered correctly, and has been used for scoring other
types of adaptive strategies (e.g., Lord, 1970; Larkin & Weiss, 1974; Weiss,
1974). Average difficulty of all items administered was investigated because
it is less apt to be affected by erratic response records. For example,
consider the case of a fixed termination rule, such as "stop after 40 items."
A person might b...gin the test in the easiest stratum and incorrectly answer the
first 31 items. That same person might, by chance, answer the last nine items
correctly thus progressing to the most difficult stratum. That person would
obtain the same average difficulty correct score as a person who answered 20 items
correctly in the fifth stratum and 20 items incorrectly in the sixth stratum.
In these two cases, however, the second testee would have encountered more diffi-
cult items, on the average, and answered more of them correctly.

The third score was Owen's (1969) Bayesian scoring technique. This scoring
method was included as a mathematically "optimal" score, for comparison to the
rational scoring methods. Population parameters (i.e., a normal prior ability
distribution with mean of zero and standard deviation of 1.0) were used to
initialize the scoring procedure for all subjects, regardless of their entry
point, and the score was updated after each item response. The FORTRAN IV sub-
routine used to calculate this score is included in Appendix A.

The three error predictor scores were included in this study for evaluation
as termination criteria to be used for flexible termination. The first two were
based on the consistency scores investigated by Vale & Weiss (1975). The original
consistency scores considered only variability of the response record and not ita
length. Length has been explicitly taken into consideration in the error
predictor scores in a manner analogous to the way that the number of observations
is taken into consideration in calculation of the standard error of a mean.

Score 4 is the standard deviation of the difficulties of all items answered
correctly divided by the squake root of the number of items answered correctly.
Score 5 is the standard deviation of the difficulties of all items administered
divided by the square root of the number of items administered. Score 6 is the
standard error provided by Owen's (1969) formula (i.e., the square root of the
Bayesian posterior variance after the last item has been administered).

Item Pools

Obtaining item pools for live-testing studies is a long and tedious process
involving writing the items, administering them, norming them, and selecting
those most approporiate to the test being constructed. With the relatively

large item pools required by adaptive testing strategies, it is difficult to
investigate the effects of varying item parameters because a sufficient number
of items is generally not available. In simulation studies, however, acquisition
of item pools is very easy, since once the desired parameters are specified, the
item pool is available. Item pools used in simulation studies do not contain real
items with real content but are rather simply a set of parameters of hypothetical
items. .



-10-

Certain limitations, stemming from the mathematical model on which item
responses are based, are inherent in simulation studies. Because the items
lack content, assumptions made by some test models.(such as local independence)
are explicitly programmed into the response model and the possibility that these
assumptions may be violated.by real subjects is ignored. Because of the simpli-
city of the response models used, effects of memory and thus test-retest stability
cannot be examined. Simulation studies are not meant to be a substitute for
empirical studies and the simplicity of item pool construction is not without
its costs. But in a simulation study, a variety of item pool conditions
can be readily constructed. Consequently, some questions which cannot be
investigated in live-testing studies, such as the amount of information provided
by a testing procedure, can be investigated.

A Real Item Pool

For the simulated replication of empirical findings with Variable-Length
Stradaptive, the parameters of the 269 items used for the modified stradaptive
test by Vale & Weiss (1975) were used. These parameters, as well as summary
statistics, are included in Appendix Table 8-1. Although the item parameters
used in the present study were those of the modified stradaptive test used in
the live-testing study, the branching procedures used were those of the original
version.

Hypothetical Item Pools

Although use of parameters obtained from real item pools retains an element
of reality not possessed by use of purely hypothetical item pools, it is not
feasible to manipulate the item parameters of interest by this procedure. To
investigate the effects of item discrimination on test characteristics, three
stradaptive test item pools with normal ogive discrimination indices (a) of
.5, 1.0 and 2.0 were generated. Since the effects of variability in item
discriminations were not investigated in this study, discriminations were held
constant within each of the three item pools.

Item difficulty parameters were generated separately for each item pool.
These parameters were randomly and rectangularly distributed within each of
nine equally spaced strata. Difficulty parameters for each of these three item
pools are included in Appendix Tables 8-2, B-3 and 8,-4.

Also generated were three item pools for the conventional test. These
pools had constant normal ogive discrimination indices of .5, 1.0 and 2.0
and were randomly and rectangularly distributed within the same range of diffi-
culty as the middle stratum of the stradaptive item pools (i.e., between
b=-.33 and 1)=-1-.33). Difficulty parameters for these pools are included in

Appendix Table 8-5.

Generation of the Data

Data in this simulation study were obtained in a way very similar to the
way data are collected in a live-testing study. A testing strategy- program

chose an item, administered that item, and on the basis of responses to several

items, calculated a score. The difference between this study and a live-testing
study was that in an empirical study, each item is administered to an actual
testee, while in this study items were "administered" to an item response

16'



simulator. The simulator then-assessed the item parameters and a tesiee's
generated ability level and generated a "correct" or "incorrect" response.

The response simulator used a two-step procedure. First, the probability
of a correct response given the "testee's" ability was calculated from the
following equation suggested by Lord (1970):

P
i
(0) -c +(i-c

i
)0(a

i
(34 )) [1]

where P (0) E probability that a testee with ability 0 will correctly
answer an item,

C E probability of a correct answer due to guessing,(set to.
.20 for this study);

E the unit normal distribution integrated from .-co to the
standard deviate, x,

a
i

E the discriminating power of the item,

5 the ability level of the testee,
b 5 the difficulty of the item.

After the probability of a correct response was determined, a random number
was generated from a rectangular distribution between 0 and 1. If this random
number was greater than the probability of answering the item correctly, the
item was considered answered incorrectly; otherwise it was considered correct.
This procedure is identical to that used by Betz & Weiss (1974), and has been
used in a variety of other studies in a slightly different form (e.g., Jensema,
1972; Urry, 1970; 1974).

Generation Of the underlying ability was done in two different ways; this
is discussed below. The computer and computer programs used in this study
are described in Appendix C.

Data Analysis

Descriptive Statistics

Means and standard deviations were calculated for all scores of Variable -
Length Stradaptive under all four variations of initial ability estimates using
each of the four item pools. These statistics were in each condition, computed
from administration of the test to 1000 hypothetical testees with abilities
sampled from a normal distribution with mean of zero and standard deviation
of one. These statistics were computed on Variable-Length Stradaptive primarily
for comparison with empirical data obtained previously.

Means and standard deviations were calculated for all scores of Fixed-
Length Stradaptive to determine how the new scores were distributed, and to
assess the effects of varying characteristics of the test. These statistics

were calculated for the four lengths of 10, 20, 40 and 60 items under all
conditions of initial abil:'y estimates, but using only item parameters
of the three hypothetical pools. As with Variable-Length Stradaptive, these
statistics were computed from administration of the test to 1000 hypothetical
testees with abilities sampled from a normal distribution with mean of zero and

standard deviation of 1.0.

1 7.
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Correlational Analysis

Inter-score correlations. Correlations among scores were calculated for
both Variable-LengtkStradaptive and Fixed-Length Stradaptive. These inter-
correlations were calculated-using the initial ability estimate fixed at'ea0,
on 15,000 hypothetical testees sampled from a normally distributed population.

Score - ability -correlations. In classical test theory -(Gulliksen, 1950),
the correlation-of ability and.-test score is, referred to es.the'"index of
reliability". In modern test theory (Lord & Novick, 1968; Urry, 1970) it is
referred to as "validity". In live-testing research it is estimated by taking
the square-root of an alternate form reliability coefficient. In simulation
research, it is calculated directly since "ability" is known. Score-ability
correlations are useful if the researcher is interested in assessing how well
test scores predict ability for some specified population as a whole.

These correlations were calculated for all tests under all variations
of conditions. Within each of the conditions, this correlation was calculated
on the same sample of 1000 testees used for the descriptive statistics.

In addition to providing a comparison among scores in the simulation study,
the squared index of reliability for Variable-Length Stradaptive should be
comparable to a parallel forms reliability coefficient; such as the one reported
by Waters (1974, 1975). Because of the effect of memory in a test-retest
design, it should be somewhat less directly comparable to test-retest stabilities
such as those reported by Vale & Weiss (1975).

Information Analyses

While the correlation between test score and ability is a relevant index
of how well a score predicts ability for a whole population, it provides little
information about how a score predicts ability level within different levels of
that ability. For example, a score-ability correlation for a conventional test
may be higher than a score-ability correlation for an adaptive test, even though
the adaptive test provides a higher precision of measurement at the extremes of
ability, simply because correlations are strongly influenced by the larger
number of observations in the middle range of a normally distributed population.
Since adaptive tests distribute their precision throughout the range of ability,
while precise measurement for peaked conventional tests is concentrated in the
middle range of ability, a score-ability correlation is a statistic biased in
favor of the conventional test, and is not an optimal statistic for comparison

of the two strategies. Thus, evaluation of two testing strategies in terms
of other criteria, which are less influenced by the distribution of ability
in the population, is desirable (see Sympson, 1975, for a discussion of

evaluation criteria).

Information curves. The information provided by a score about an ability
at some level of that ability is roughly analogous to the precision of measure-
ment at that point, or the ability to discriminate between two arbitrarily close
ability levels centered on that point (Lord, 1970). The graph of these
information values plotted against all values of ability is called the infor-

mation curve. In this study,s in Betz & Weiss (1974), information curves
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were constructed by calculating information values from a formula, suggested
by Birnbaum (1968), at several points along the ability continuum.

Birnbaum's formula is:

Ix (0) E 00.012
cane

(21

where Ix (0) is the information about 0 provided by score x.

The numerator of Equation 2 may be viewed as a transforming function, converting
the score, x, into ability units. It is also the partial derivative of the
score with respect to ability (0) evaluated at a particular level of ability,
indicating the relative rate of change of the two variables. The denominator
is simply the conditional standard deviation of the score, or the dispersion
of the score, x, evaluated at a fixed level of ability (i.e., imprecision of
measurement).

To calculate information values, 1000 response records were generated at
each of fifteen equally spaced levels of ability ranging from -3.5 through
0.0 to +3.5: For the middle thirteen points, partial derivatives of the score
means were calculated with respect to ability at each level of generating
ability by taking the derivative of the second degree Lagrangian interpolation
polynomial fitted to three sucissive points. This technique finds the first
derivative of the second degree polynomial best fitting the point of interest
and the two adjacent points. Because points on each side of the point of interest
were needed to estimate the polynomial, the endpoints (i.e., -3.5 and 43.5) were
not considered in calculating the information values. When the derivatives
were obtained, they were divided by the standard deviation of the scores
at the level of ability on which the derivative was centered and then squared
to yield the information at that point. Connecting the thirteen values of
information thus calculated yielded an information curve.

Statistics descriptive of information curves. Graphs are a simple and
sufficient way to present information curves, but they are difficult to compare
when many information curves- are involved. Thus, for economy of presentation,
the means and coefficients of variation of information values at the thirteen
points defining the information curves were computed.

The mean or average information was computed for each of the information
curves. Mean information is a statistic that is not disproportionately
weighted by ability distribution characteristics as is the correlation
coefficient. The higher the mean information, the more information the score
provides about ability at all levels of ability, on the average. Higher mean

information implies better measurement.

The coefficient of variation was also computed for each information
curve. This statistic is of interest because its departure from zero means
that the goal of equiprecision of measurement is not being achieved. This

index is equal to the standard deviation of the thirteen points of the informa-
tion curve divided by their mean and multiplied by 100 (sea Guilford, 1950, p. 118,

19



-14-

for a discussion of the coefficient of variation). It was chosen over the
standard deviation because, unlike the standard deviation, it is not affected
by the absolute magnitude of the information curve. For example, the height of
the information curve of a conventional test composed of equivalent items is
directly proportional to the length of the test and therefore, the mean and
standard deviation of the values of the information curve are similarly
proportional to length. Double the length of a conventional test and the
mean and standard deviation of -the information. curve both- double. The co-
efficient of variation, being doubled in both the numerator and the denominator
would remain constant, however.

The choice of the coefficient of variation as an evaluative criterion
involved the value judgment that the relative rather than the absolute variation
was important in evaluating the equiprecision provided by a score on a test.
The information curve of an ideal test--one with measurement of equal precision
throughout the ability range--would have a high mean and a coefficient of
variation equal to zero.

Termination Criterion Analysis

One goal in the design of the stradaptive strategy was to identify response
records in which the test was not unambiguously locating the testee's ability
level, so that the test could be extended in length to provide better precision
of measurement for that testee. Thus, it was intended that a flexible
termination criterion be used so that different individuals could be administered
different numbers of items. In this study, the three error predictor scores
of Fixed-Length Stradaptive (scores 4, 5 and 6) were examined as possible candi-
dates for the termination criterion.

To perform thebe evaluations, 1000 administrations using each of the three
hypothetical stradaptive item pools were randomly terminated after an average
of 30 items; the standard deviation of number of items at termination was 6.
The tests were terminated at various lengths because a termination criterion
must be effective at all lengths, since a real test might terminate at any of
several lengths. The error scores were not allowed to function as termination
criteria in this analysis because an effective termination criterion would hold
the error of measurement constant. Then, with no variability in error of
measurement, there could be no correlation between it and test score.

To provide a criterion of error of measurement to predict, ability scores
and generating ability were first standardized within each set of 1000 admin-
istrations to account for differences in scoring metric. Then the unsigned
differences between the standardized ability scores and the standardized
generating ability were calculated. Error predictor scores were then correlated

with these absolute errors, since it was expected that a useful termination
criterion would correlate with these errors. It may be noted that this procedure
is identical to Ghiselli's (1956) procedure for discovery of moderator variables.

The search is for a variable to correlate with absolute deviations from the line
of relations.

20
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RESULTS

Analysis of the Conventional Test

Descriptive Statistics

The means and standard deviations of the conventional teat scores with
varying test lengths and item discriminations are presented in columns three
and four of Table 1. The mean proportions correct were all, close to a value
of .60 which was only slightly higher than the value of .588 obtained by
Vale & Weiss (1975) in their live administration of a 40-iteM conventional
test. A slight difference in the opposite direction was expected because
the test used in the empirical administration had easier items (F.-.368).

Table 1

Summary Statistics for the Conventional Test
as a Function of Item Discrimination and Test Length

Discrimination (a)
Mo,

Items Mean S.D.

Correlation
with
Ability

Information

Mean

Coefficient
of

Variation

0.5 10 .612 .209 .703 .725 42.046
20 .607 .179 .811 1.448 40.290
40 .598 .162 .887 2.882 41.232
60 .600 .158 .917 4.307 39.617

1.0 10 .616 .267 .851 1.771 75.451
20 .592 .250 .908 3.198 88.171

40 .600 .243 .938 6.444 87.808

60 .597 .238 .950 9.595 87.978

2.0 10 .597 .326 .888 3.484 138.147

20 .592 .317 .906 6.601 139.150

40 .605 .311 .918' 3.630 13:632
60 .612 .307 .926 19.74 135.361

.4w

This discrepency may have been due to the fact that the items used in the
live-testing study were normed on relatively small groups of subjects (see

McBride & Weiss, 1974). Waters' (1974, 1975) conventional tests had a mean
proportion correct of .665, which was expected because his items were easier
((=-.368) and normed on larger subject groups. No trend among the score means

across varying teat lengths and item discrimination was apparent.

Standard deviations of conventional test scores showed two trends. As

item discriminating power increased, the standard deviationa of the scores

increased. As test length was increased, standard deviation decreased.
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Correlational Analyses

Column five of Table 1 presents the correlations of conventional test scores
with generating ability. The results show, as expected, that the correlation
increases as the length of the test is increased. A more complex trend was
observed with respect to the itemdiscrimination. The score ability correlation
increased with increasing item discrimination, and then tapered off. The
correlation between score and. ability was a joint lunctiopOftest length and item
discrimination. For the 10-item test the score - ability cOffeIation increased with
increases in item discrimination. For the 20-item test, the Score-ability
correlation improved as discriminations were increased from:5 to 1.0, but
remained about the same as discriminations were increased to 2.0. On and
60-item tests, score-ability correlations improved-When discriminations were
increased from .5 to 1.0, but were lower for items of 2.0 discrimination,

The attenuation_paradox (Loevinger 19$4; Sitgreaves, 1961) isthe apparent
reason for the lower score-ability correlations with higher item discriminations.
The attenuation paradox refers to the fact that as items get more discriminating,
they provide more information at a point and less information at abilities dis-
tant from that point. The conventional test had items all of similar diffi-
culty, and as items became more discriminating, it measured less accurately for
testees with abilities outside of an increasingly narrow range.

Information Analyses

Column six of Table 1 shows the average information provided by the
conventional test. Average information increased in almost direct proportion
to test length, a result that was expected from modern test theory (Lord &
Novick, 1968). It also increased in almost direct proportion to item discriminating
power. The decrease observed in score-ability correlations as item discriminations
became high (2.0) was not observed with respect to average information.

Column seven of Table 1 presents the coefficient of variation, an index of
equiprecision of measurement. With discriminations held constant, this index
remained relatively constant across tests of different length, as it was expected
to do. It increased considerably, however, with changing item discriminations,
indicating that the conventional test provides relatively poorer equiprecision
of measurement as items become more discriminating. The trend involved seemed
to indicate that the coefficient of variation is directly proportional to the
item discriminations, doubling when discriminations are doubled. The relation
was not completely linear, however, as the coefficient of variation with dis-
crimination of 2.0 was less than the value of about 170 that would be anticipated
from a strictly linear relationship.

Analysis of Variable-Length Stradaptive

Descriptive Statistics

Table 2 presents the means of the fifteen Variable-Length Stradaptive test
scores (scores 1-10 are ability scores, and 11-15 are consistency scores).
Independent variables are 1) the initial ability estimate, fixed at 0.0 and
randomly distributed 1N(0,1) correlating 0.0, .5 and 1.0 with the generating

22



-17-

Table 2
Mean Scores for Variable Length Stradaptive

as a Joint Function of Ability Estimate Validities,

Item Discriminations (a)
and Average Number of IteMs Administered

Score a
Fixed
Ent

Initial Ability
Correlation

a
Fixed
Entry

Initial Ability
Correlation

0.0 05 1.0 -Score 0.0 0.5 1.0

1 0.5 1.580 1.660 1 9 0.5

1.0 1.200 1.220 1.170 1.170 1.0 .053 .033 .043 .013

2.0 .888 .915 .880 .802 2.0 4'048 .037 -.055 .062
variable 1.350 1.430 1.320 1.300 variable 202 .226 .194 173

2 0.5 .840 .811 793 .818 10 0.5 813 .821 .811 .824

1.0 .565 .542 573 .523 1.0 .494 .456 .47.1 .451

2.0 .276 .310 .271 .253 2.0 .163 .181 .178 .135

variable .770 .782 761 .782 variable .665 699 655 .643

3 0.5 1.020 1.030 1.020 1.030 11 0.5 .834 .875 .862 .814

1.0 .732 .691 .707 .691 1.0 .743 .78 5 .742 .725

2.0 385 .400 .392 .361 2.0 673 .713 .672 .625

variable .875 .908 .869 .858 variable .757 .813 .752- .724

4 0.5 1.490 1.560 1.500 1.450 12 0.5 .787 .827 .815 .760

1.0 1.130 1.180 1.090 1.100 1.0 689 .713 .670 .652

2.0 .803 .834 791 713 2.0 .575 .607 .575 .529

variable 1.270 1.360 1.240 1.230 variable .698 .755 .693 .663

5 0.5 .839 .819 .801 .823 13 0.5 .498 .508 .522 .499

1.0 .559 .541 .569 .815 1.0 040_1 :396 .398 .404

2.0 .292 .317 .279 .269 2.0 .272 .275 .271

variable .793 .802 .785 .803 variable 485 .424 .414 .417

6 0.5 .829 .837 .824 .842 14 0.5 '2.550 2.590- 2.450 2.580

1.0 .522 .480 .497 .476 1.0 2.110 2.080 2.080 2.120

2.0 .181 .196 .189 .155 2.0 1.620 1.620 1.630 1.610

variable .695 .729 .685 .676 variable 2.140 2.190 2.150 2.170

7 0.5 .887 .887 .878 .900 15 0.5 2.910 2.970 3.050 2.950

1.0 .577 .537 .550 .534 1.0 2:230 2.180 2.190 2.240

2.0 .262 .273 .269 .236 2.0 1.488 1.480 1.490 1.460

variable 766 .794 .747 .734 variable 2.280 2.360 2.300 2.320

8 0.5 .181 .192 .156 .167 Test 0.5 54.800 56.100 55.800 55.1.00

1.0 -.006 -.4,027 .025 Length 1.0 40:800 39.600 39.700 40.200

2.0 .131 .126 2.0 28.400.29.400 29.500- 27.100

variable .126 .127 .108' .114 variable 31.900 32.000 31.200 31.800

23
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ability; and 2) three item pools with discriminations fixed at ags.5, 1.0 and 2.0,
and the real item pool with varying discriminations that was previously used in
an empirical study of the stradaptive test (Vale & Weiss, 1975). Table 2 shows
two trends in the means as a function of item parameters and initial ability
estimates. The means of all fifteen scores became lower as the items became more
discriminating, and the means of the consistency scores, scores 11 to 15,
decreased with increasingly valid initial ability estimates.

The trend in the means of the ten ability scores to decrease as a function
of item discriminations is at least partly due to the effects of guessing. Implicit
in the up-one, down-one branching strategy used in the stradaptive test is the
goal of Converging on items of difficulty such that the testee's probability
of answering correctly is .5. Since all ten Variable-Length Stradaptive ability
scores are some rough monotonic function of this difficulty, anything that
affects that difficulty will monotonically affect the ability scores.

Difficulty in terms of probability of a correct response, discrimination,
and guessing parameters is obtained by rearranging equation 1:

(1] /a
1-C

_1
where $ (x) is the inverse function of (x) yielding the standardized normal
deviate when given the cumulative proportion.

The difficulty yielding a probability of being correct of .5, assuming a
guessing probability of .2, is:

.32
1300 +

a

[31

(41

in which b is a decreasing function of a. This shows that the optimal difficulty,
and thus the ability scores, should decrease as a function of discrimination when
guessing is possible (specifically with a probability of .2). When guessing is
not possible, equation 3 reduces to:

bee° [5]

in which b is not a function of a. Therefore, the ability scores are expected to

decrease as a function of item discriminations through their relation with this
"optimal" difficulty level only when guessing is possible.

In addition, some scores (e.g., the difficulty of the most difficult item
correct) would be expected to decrease as a function of increasing item discrimination
even when guessing is not possible due to their joint dependence on the optimal
difficulty level and variability of the response record. For example, a testae

with an inconsistent response record (i.e., one which ranges across a large number
of strata) would be expected to have a more difficult item correct than a testee
having a more consistent response record and the same average difficulty of
items, simply because he encountered a few more difficult items (along with, of

course, a few less difficult items).
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The consistency scores were expected to decrease as fewer inappropriate items
were administered in the process of locating the appropriate strata from which to
administer items (i.e., as the initial ability estimates improved and the entry
point became closer to the testeets true ability) and as fewer incorrect branchings
were made (due to more discriminating items). An observation worthy of note with
respect to the decrease in mean consistency scores as e. function of initial
ability estimates is that some consistency scores, under some conditions, were not
lower using valid initial ability estimates than they were using a fixed entry
point at the middle stratum (e.g., the between ceiling and basal strata
variability scores, scores 13, 14 or 15) or required a reasonably good initial
ability estimate before they improved (e.g., the overall variability scores, 11
and 12).

Mean scores generated using the real item pool were slightly higher in this
study than in the empirical study by Vale & Weiss (1975) using nearly the same
pool on real subjects (e.g., 1.350 vs 1.073 for score 1; .770 vs .560 for score
2)*. This may have been due either to inadequacies in the simulation model or
inaccurate item parameters in the live-testing study.

Test lengths showed a marked decreasing trend as item discriminations
improved, but no apparent trend at all with respect to goodness of initial
ability estimates. The average number of items administered using the real item
pool varied between 31.2 and 32.0 items; these means were between those obtained
using the hypothetical pools with discriminations of a=1.0 and a=2.0. This was
not expected because the mean discrimination of the real pool was a=.717. This
was an underestimate of the discriminations of the items actually administered,
however, because the most discriminating items were placed first in the pool;
the corrected average discrimination value in the live-testing study was a=.879.
It appears that putting a few highly discriminating items at the beginning of
each stratum may drastically shorten the stradaptive test when the original
termination criterion is used. The mean length of the identical strategy
in the live-testing study using a slightly different item pool (i.e., one with
a few less items) varied between 27.8 and 31.4 items. Thus, the mean lengths
obtained in this simulation were reasonably close to those obtained with real
subjects.

Table 3 shows standard deviations for the 15 scores on Variable-Length
Stradaptive for combinations.of the same independent variables. For both the
ability level and consistency scores there was no apparent trend with respect
to initial ability estimates, and only a very slight tendency for the standard
deviations to decline as item discriminations improved. Score 8, the average
difficulty of all items answered correctly, was the least variable of the
ability scores. Scores 11, 12 and 13, the standard deviation consistency
scores, had low variability both with respect to the ability scores and the
distance variability scores, 14 and 15. The differences among the standard
deviations observed in this study were also apparent in the live-testing study,
although in this study the values were slightly lower. This latter result was

expected, though, since the live-testing study included sources of error not
included in a simulation study.

Correlational Analyses

Table 4 presents the intercorrelations among the Variable-Length Stradaptive
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Table 3
Standard Deviations of Variable-Length Stradaptive Scores

as a Joint Function of Ability Estimate Validities
and Item Discriminations (a)

Fixed
Score _a Entry

Initial Ability
Correlation

Score a
Fixed
Entry

Initial Ability
Correlation

0.0 0.5 1.0 0.0 0.5 1.0
3. 0.5 1.110 1.100 1.120 1.170 9 0.5 .993 1.050 1.048 1460

1.0 1.140 1.080 1.140 1.150 1.0 .982 1.000 1.041 1.030
2.0 1480 1.110 1.130 1.130 2.0 1.000 1.000 1.020 1.010

variable 1.240 1.200 1.270 1.270 variable 1.090 1.090 1.100 1.110

2 0s5 1.180 1.220 1.220 1.200 10 0.5 1.230 1.290 1.280 1.260
1.0 1.140 1.140 1.150 1.110 1.0 1.170 '1.160 1.1e0 1.130
2.0 1.180 1.150 1.150 1.150 2.0 1.110 1.110 1.120 1.090

variab1e-1.350 1.340 1.290 1.320 variable 1.330 16310 1.320 1.290

3 0.5 1.260 1.320 1.300 1.290 11 0.5 .201 .216 .215 .222
1.0 1.190 1.180 1.200 1.150 1.0 .144 4.179 .158 .154
2.0 1.130 1.120 1.140 1.100 2.0 .143 .170 .149 .133

variable 1.390 1.360 1.370 1.330 variable .170 .196 .187 .181

4 0.5 1.060 1.040 1.060 1.130 12 0.5 .238 .256 .245 .253
1.0 1.100 1.050 1.090 1.110 1.0 .182 .217 .190 .184
2.0 1.060 1.070 1.110 1.110 2.0 .189 .212 .192 .167

Variable 1.170 1.140 1.200 1.220 variable .221 .247 .232 .215

5 0.5 1.160 1.200 1.190 1.170 13 0.5 .315 .313 .316 .316
1.0 1.120 1.120 1.130 1.100 1.0 .235 .236 .233 .231
2.0 1.140 1.110 1.100 1.100 2.0 .186 .184 I93 .172

variable 1.320 1.310 1.260 1.290 variable .274 .271 .269 .257

6 0.5 1.220 1.280 1.270 1.260 14 0.5 1.280 1.260 1.290 1.300
1.0 1.150 1.150 1.150 1.110 1.0 .920 .918 .905 .913
2.0 1.090 1.090 1.100 1.060 2.0 .650 .649 .694 .598

variable 1.330 1.310 1.320 1.290 variable 987 .973 .970 .927

7 0.5 1.180 1.240 1.210 1.220 15 0.5 1.960 1.930 1.910 2.000
1.0 1.100 1.100 1.120 1.080 1.0 1.410 1.400 1.390 1.400
2.0 1.050 1.050 1.060 1.040 2.0 .996 .991 1.060 .917

variable 1.280 1.270 1.280 1.260 variable 1.520 1.500 1.490 1.430

8 0.5 .888 .918 .944 .992
1.0 .910 .915 .977 1.010
2.0 .917 .933 .976 1.010

variable .961 .971 1.030 1.070
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Table 4
Intercorrelations of Variable-Length Stradaptive Scorea

Score
Ability Scores. Consistency Scores

1 2 3 k 5 6 10 12 :13 14 15
1 000 .896

. 9 44 .4 3 .424 .4 5

2 806. 1.000 .881 .786 986 .883 .883 .838 .86! 879 .114 .240 402 372 373

3 .193 .881 1.000 .870 .890 .996 .991 .906 .921 .997 193 .296 .507 .497 499

4 979 786 878 1.000 795 875 875 .877 826 .872 .430 .541 .400 .402 .402

5 .818. .986 .890 .795 1.000* .892 .892 .845 869 .888 .112 245 406 .379 .379

6 .8't 883 .996 . .875 .892 1.000 994 .904 920 997 .199 .295 .502 .505 .507

A". 7 892 .883 .991 .875 .892 .994 1.000 .929 .943 .990 .173 .270 .437 .435 .437

889 .838 .906 .877 845 .904 929 1000 .979 .903 .073 .203 .178 .156 .158

9 .839 861 .921 826 869 .920 943 979 1.000 .919 .006 .122 .182 .152 .154

10 891 879 .997 .872 888 997 990 .903 919 1.000 .198 .304 .514 .508 .511

il 397 114 .193 .430 .112 199 173 .073 006 .198 1.000 .920 .560 .545 .540

12 544 .240 296 541 .245 295 .270 .203 . 122 .301 .920 1.000 .579 .544 .54!

13 423 402 507 400 406 %502 .437 .178 .182 .514 .560 .579 1.000 .951 .953,

14 424 372 .497 402 379 505 435 156 152 .508 .545 .544 .951 1.000 1.000

15 .425 373 499 402 379 507 437 100 154 .511 .540 .541 .953 1.000 1.000
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scores. The same four clusters of ability scores observed in the ive-testing
study were apparent here. The three item difficulty scores, scores 1, 2 and 3,
formed three two-variable clusters, each withetheir respective stratum difficulty
scores, scores 4, 5 and 6. Additionally, scores 3 and 6, the highest non-chance
item and stratum scores, formed a tight cluster with scores 7 and 10, the
interpolated stratum difficulty and average highest non-chance item scores.
The fourth ability score cluster was composed of scores 8 and 9, the average
difficulty scores.

Clustering among the vaiiability scores was obvious and again consistent with
the live-testing data Scores 11 and 12, the overall variability scores, formed
one cluster. Scores 13, 14 and 15, the between ceiling and basal strata consistency
scores, formed another.

Table 5 presents the correlations of Variable-Length Stradaptive ability
scores with the ability that generated the responses. The expected increasing
trend in correlation with improving initial ability estimates was not observed
with any regularity across different scores and different parameters although
the trend was apparent for scores 8 and 9.

Table 5
Score-Ability Correlations for Stradaptive,

as a Joint Function of Item Discriminations (a)
and Initial Ability Validities

Fixed
Initial Ability
Correlation Fixed

Initial Ability

Correlation
Score a Entry 0.0 0.5 1.0 Score a Entry 0.0 "0.5 1.6

1 0.5 .602 .620 .644 .642 6 0.5 .654 .795 .667 .674
1.0 .768 .731 .784 .773 1.0 .022 .817 .830 .821
2.0 .798 .805 .807 .833 2.0 .093 .886 .881 ..899

variable .763 .734 .761 .766 variable .787 .798 .792 .799

2 0.5 .630 .682 .633 .662 7 0.5 .678 .728 .689 .699
1.0 .798 .782 .803 .792 1.0 .847 .845 .854 .851
2.0 .851 .832 .855 .862 2.0 .918 .913 .912 .924

variable .757 .783 .770 .766 variable .810 .816 .811 .811

3 0.5 .656 .707 .669 .676 8 0.5 .805 .809 .838 .872
LO .821 .820 .827 .820 1.0 .918 .894 .918 .938
2.0 .894 .887 .879 .899 2.0 .950 .935 .954 .960

variable .784 .799 .791 .786 variable .887 .873 .892 .914

4 0.5 .593 .605 .630 .632 9 0.5 .791 .815 .807 .839
1.0 .762 .713 .771 .767 1.0 .918 .912 .924 .932
2.0 .795 .797 .811 .834 2.0 .954 .949 .959 .956

variable .752 .724 .754 .761 variable .887 .888 .891 .906

5 0.5 .648 .693 .648 .674 10 0.5 .652 .705 .666 .677
1.0 .806 .791 .809 .800 1.0 .818 .815 .826 .816
2.0 .859 .842 .861 .863 2.0 .891 .884 .877 .899

variable .770 .791 .777 .772 variable ..785 .797 .789 .788

28



-23-

A definite increasing trend in score-ability correlation with increasing
item discrimination was observed, however. This result suggests that there may
be an inadequacy in the termination criterion as it should vary the length of
the test to keep constant the accuracy of measurement, and thus the score-
ability correlation.

The parameters from the real item pool provided score- ability correlations
somewhere between the values provided by the hypothetical pools with
discriminations of .5 and 1.0. This result is consistent with their average
discrimination value of about .88.

Scores 8 and 9 consistently had the highest correlation with ability, a
finding consistent with the fact that these two scores showed the highest
stability in the live-testing study by Vale & Weiss (1975) and generally
highest validities and reliabilities in the study by Waters (1974, 1975).

Comparison with the conventional test. Comparison of the score-ability
correlations of Variable-Length Stradaptive with those of the conventional
test (Table 1) is difficult because the flexible termination criterion of
Variable-Length Stradaptive yields test lengths not directly comparable to those
of the conventional test. A rough comparison showed the stradaptive strategy as
better using items with discriminations of 2.0. Using stradaptive score 8, and
comparing the fixed entry point administration (the fair comparison since the
conventional test cannot utilize prior information), the stradaptive test corre-
lated .950 with an average of 28.4 items while the conventional test correlated
only .918 with 40 items and .926 with 60 items. Thus, with highly discriminating
items, the 28-item stradaptive test correlated higher with ability than did the
60-item conventional test.

The conventional test achieved higher score-ability correlations than the
stradaptive test with less discriminating items. With discriminations of 1.0
the stradaptive test score 8 correlated only .918 after an average of 40.8 items
while the conventional test correlated .938 after 40 items. At discriminations

of .5, stradaptive score 8 correlated .805 with ability after an average of 54
items and the conventional test correlated .887 after 40 items and .917 after

60 items. Thus, Variable.Length Stradaptive testing strategy was superior to a

conventional test, with respect to score ability correlations, only when given
very discriminating items.

Information Analyses

Table 6 presents the average information-values provided by Variable-Length
Stradaptive scores. As with the score ability correlations, an increasing trend
in information was observed for all scores as item discriminations improved.
The values of average information provided by the items from the real item pool
were, as were the correlations, between those for item_pools with discriminations

of .5 and 1.0. The increasing trend observed in the correlations as a function
of validity of initial ability estimates was somewhat more apparent in the
average information data than it was in the correlation data (notably for scores

1, 4, and 9). It also appeared in some conditions of most other scores. Score

9, the average difficulty of all items answered correctly between the ceiling
and basal strata, provided the highest average level of information. Score 8,
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Table 6
Average Information Provided by

Variable-Length StradaptiVe Scores
as a Joint Function of Item Discrikinations (a)

and Initial Ability Validities

Fixed
Score a Entry

1 0.5 .539
1.0 1.172 1.

2.0 1.823 1.

variable .926

2 0.5 .757
1.0 1.439
2.0 2.286

variable 1.302

3 0.5 .811
1.0 1.811
2.0 3.441

variable 1.751

4 0.5 .518
1.0 .954
2.0 1.391

variable .875

5 0.5 .819
1.0 1.587
2.0 2.604

variable 1.385

Initial Ability
... Correlation
0.0 -0.5.' .1:0

581 .651' .7.65
208 1.450 1.748
605 2.174 2.520
805 1232 1.635

.755 .847
1.518 -- 1- 419
2.988 2.545
1.251 1.423

780 .800
1.723 1.853
3.703 3.911
.608 1.880

.507 .649 .787 9. 0.5 1.909 1.974 2.221 2.460

.858 1.341 1.787 1.0 5.786 5.541 6.024 6.939
1.320 1.658 2.025 2.0 11.864 11.593 13.210 13.617
.745 .1.168 1.583 variable 3.409 3..165 3.976 4.589-

787 .900
1.633 1.556
2.914 2.987
1.335 1.494

Fixed
Score a Entry.

6 0.5 .800
1.0 1.915
2.0 3.713

variable 1.683

Initial Ability
_Correlation

0*.0 . . .0.5 . 1.0:
.757 .800 .13

1.786 1.971 1.968
3.930 4.1-16 3.682
1..550 1.840 1.939

.814 7 0.5 .981 .948 1.000 -1.01:1
1.718 1.0 2.894 2.675 2.835 2.958
2.454 2.0 7.825 8.398 8.934 7.956'
1.488 variable 2.030' 1.866 2.286 .2.381
.886 8 0.5 1.963 1.749 2.001 2.939

1.888 1.0 4.664 3.397 5.521- .614
3.502 2.0 9.868 -6.009 12.391 12.303
1.971 variable 2.762 2.127 3.134 4.066

.861 10 0.5 .786 .764 .795 .808
1.794 1.0 1.884 1.779 1.918 1.967
2.797 2.0 3.584 3.781. 4.119 3.573
1.528 variable 1.704 1.560 1.0863 1.967

the average difficulty of all items answered correctly, which had correlated
highest with ability, also provided relatively high leiels of information.

Table 7 contains coefficients olvaristion of the information values for
Variable-Length Stradaptive ability scores. No definite trends with respect to
either item discriminations or quality of initial ability estimates were apparent,
although in 31 out of 42 comparisons a fixed entry point provided more equi-
precise measurement than did a random invalid one (i.e., r*0.0).

Conparison with the conventional test. With diicriminations of .5 and the

entry point fixed, stradaptive score 9 provided an average information value of

1.909 (Table 6) with an average of 54.0 items (Table 2). With 40 items the

conventional test (Table 1) provided a higher average value of 2.882. When
discriminations were 1.0, stradaptive score 9 provided 5.786 units of information

using 40.8 items on the average. This was still below the average value of 6.444

provided by the conventional test with 40 items. When discriminations were 2.0,

stradaptive score 9 provided 11.864 units of information with 28.4 items, a value

between the values of 6.601 and 13.630 provided by the conventional test with 20

8o
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and 40 items, respectively. When Variable-Length Stradaptive was permitted to
function as designed, i.e., with a variable entry point, a moderately valid
initial ability estimate (e..50) resulted in average information of 13.2 (based
on an average of 29.5 items) for stradaptive, compared to 13.630 for the
longer 40-item conventional test, with discriminations of 2.0.

Table 7

Coefficients of Variation for Information Values of
Variable-Length Stradaptive Scores,

as a Joint Function of Item Discriminations (a)
and Initial Ability Validities

Fixed
Score a Entry

Initial Ability
Correlations

Score a
Fixed
Entry

Initial Ability
Correlations

0.0 0.5 1.0 0.0 0.5 1.0
1 0.5 34.93 47.36 33.64 21.10 6 0.5 33.48 34.98 36.05 30.92

1.0 43.83 59.69 24.17 26.67 1.0 18.80 19.53 34.76 25.21
2.0 63.69 64.64 49.60 28.23 2.0 23.67 26.34 23.84 20.07

variable 45.47 55.73 44.76 62.09 variable 64.87 55.82 62.68 67.78

2 0.5 35.22 43.99 39.5.6 63.74 7 0.5 17.93 24.51 38.02 23.29
1.0 24.59 32.28 33.34 30.87 1.0 31.61 36.19 26.13 26.77
2.0 32.82 70.96 17.87 36.72 2.0 79.23 103.99 103.13 79.49

variable 63.23 62.90 68.47 69.46 variable 61.39 50.92 59.10 65.06

3 0.5 30.35 31.88 32.58 29.43 8 0.5 45.27 52.03 45.85 40.82
1.0 18.85 18.21 30.92 23.05 1.0 50.56 50.06 52.19 44.36
2.0 22.36 31.66 34.61 15.59 2.0 57.18 58.62 73.13 41.25

variable 68,10 56.51 65.66 70.52 variable 52.15 69.13 57.24 59.56

4 0.5 43.93 65.70 37.97 50.71 9 0.5 36.36 50.85 52.99 40.80
1.0 61.96 56.98 31.18 72.89 1.0 43.37 52.39 46.67 29.81
2.0 67.98 76.03 41.74 32.94 2.0 57.04 55.19 50.30 44.65

variable 52.10 65.74 51.76 66.21 variable 43.38 39.10 51.41 57.78

5 0.5 36.00 43.59 39.80 58.68 10 0.5 33.11 33.58 35.20 27.89
1.0 25.30 35.49 32.47 29.62 1.0 15.01 16.83 30.25 20.90
2.0 34.06 35.12 37.83 33.35 2.0 25.43 34.55 41.13 20.73

variable 60.35 61.50 66.30 69.08 variable 69.69 57:81 65.90 69.85

With a fixed entry into the stradaptive test, the most informative score,

score 9, was more equiprecise than the conventional test score in all comparable

conditions. With discriminations of 2.0 the conventional test score showed a

coefficient of variation more than twice as large (see Table 1) as that of Variable -

Length Stradaptive's score 9 (Table 7). In fact, given equal item discriminations,

only two stradaptive scores, scores 4 and 8, were less- equiprecise than scores on

a comparable conventional test and then only for poorly discriminating items.

In general, as item discriminations Increased, the relative equiprecision of

the stradaptive test became considerably greater than that of the conventional
..

test.

1 31
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Table 8
Mean Scores for Fixed-Length Stradaptive as a

Joint Function of Item Discriminations (a), Test Length,
and Validity of Initial.AbilitY_Istimates

a
No.

Items
Fixed
Entry

Initial Ability

Correlation
a

No.

Items
Fixed
Entry

ttiatl
ty

Correlation
0.0 0.5 1.0 0.0 0.5 1.0

Score 1 Score 4

0.5 10 .085 .070 .093 .952 0.5 10 .284 .306 .287 .266
20 .186 .193 .182 .177 20 .240 .258 .241 .230
40 .257 .245 .255 .261 40 .192 .197 .192 .187
60 .282 .272 .283 .283 60 .163 .169 .167 .160

1.0 10 .072 -.083 -.041 1.0 10 .272 .294 .270 .246
20 -..003 -.004 .009 .914 20 .215 .232 .217 .20a
40 .065 .033 ..940 .048 40 .1.64 .171 .164 .157

.oss .044 .056 .056 60 .136 .140 .136 .1-33

2.0 10 -.118 -.092 2.0 10 .250 .279 .251 .219
20 -.091 -.110 -.105 20 .189 .202 .188 .175
40 -.083 .082 .074 40 .138 .144 .137 .131
60 -.061 ».058 -.072 60 .116 .119 .114 .110

Score 2 Score 5
0.5 10 .369 .374 .375 .325 0.5 10 .231 .245 .232 .215

20 .465 .484 .461 .440 20 .186 .197 .186 .179
40 .536 .536 .535 .527 40 .143 .147 .144 .141
60 .559 .559 .562 .556 60 .121 .125 .123 .120

1.0 10 .261 .263 .277 .253 1.0 10 .225 .240 .222 .205
20 .331 .346 .335 .319 20 .170 .181 .170 .161
40 .387 .370 .364 ;3-58 40 .126 .130 .126 .121
60 .378 .377 .378 .369 60 .104 .106 .104 .102

2.0 10 .250 .263 .237 .233 2.0 10 .211 .233 .212 .189
20 .266 .270 .255 .251 20 .155 .166 .155 .145
40 .270 .286 .278 .269 40 .112 .117 .111 .107
60 .290 .295 ' .294 .279 60 .094 .095 .092 .089

Score 3 Score 6

0.5 10 ...eel -.004 .005 ,045 0.5 10 .734 .739 .741 .740
20 .008 .001 -.006 20 .610 .613 .615 .61.6
40 toes .001 .000 -.003 40 .478 .480 .481 .482
60 .004 .006 60 .407 .409 .409 .410

1.0 10 -.023 -.027 -.014 .060 1.0 10 .518 .530 .537 .545
20 -.005 -.001 .907 20 .392 .400 .403 .406
40 .015 -.001 -.004 .095 40 .288 .289 .290 .292
60 .004 ...000 .003 60 .237 .238 .239 .239

2.0 10 .042 .003 .030 4'448 2.0 10 .358 .377 .386 .400
20 .005 .003 -.019 ...933 20 .251 .254 .259 .263
40 .008 .004 -.007 -.012 40 .172 .174 .175 .176
60 .002 .007 .007 .013 60 .139 .140 .141 .141
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Analysis of Fixed-Length Stradaptive

Descriptive Statistics
r

Table 8 presents the means of Fixed-Length Stradaptive scores as a function
of'item discrimination, test length, and initial, ability estimate. Table 8 shows
that, as with Variable-Length Stradaptive, the means of scores 1 and 2, the average
difficulty scores, tended to decrease as item discriminating power increased.
Score 3, the Bayesian score, showed ho such tendency, however. This was probably
because the Bayesian score is not directly related to the "optimal" item difficulty
discussed previously. Means of scores 1 and 2 tended to increase, as the ,tests
became longer, at all levels of item discrimination. The Bayesian score, score
3, showed no trend with respect to *est length. Score 2 means increased as the
validity of initial ability estimates increased, but scores 1 and 3 evidenced
no such trend.

The corresponding error predictor scores, scores 4, 5 and 6, decreased both
as item discriminating power and test length increased. These results were
consistent with the desired characteristics of a score designed to predict pre-
cision of measurement; errors of measurement of test scores should decrease as
both test length and item discriminating power increase.

Means of scores 4 and 5 decreased as the validity of the initial ability
estimate improved, but score 6 showed a slight increase. It is not clear
whether this was because the initial ability estimate has no advantageous effect
on precision of measurement or because the Bayesian error score does not
predict errors of measurement.

Table 9 presents the standard deviations of Fixed-Length Stradaptivess
scores. The Bayesian ability score, score 3, showed increased variability as
item discriminations increased, but no trends with respect to item discrimina-
tions were apparent for scores 1 or 2. The trend in score 3 may be because the
Bayesian procedure used implicitly regresses scores toward the mean and this
regression is less pronounced as items get more discriminating and measurement

becomes more precise.

All three ability scores showed increasing variability with increasing test
length, when a fixed entry point was used. However, for scores 1 and 2, variability

seemed to be a joint function of number of items, item discriminations, and the

validity of initial ability estimates. For these scores, with items of low

discrimination, variability decreased as the number of items increased. Better

initial ability estimates were associated with decreased variability for the first

two scores, but for the Bayesian ability score variability increased with increasing

numbers of items.

Variability of score 6, the Bayesian error predictor score, increased with

increasing item discriminations. Scores 4 and 5, the average difficulty error

predictor scores, showed only slight decreases with improved discriminations.
All error predictor scores showed decreasing variabilities as test length increased.

Scores 4 and 5 showed decreasing variability as the initial, ability estimates

improved, but score 6 showed a slight increase.

3a
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Table 9
Standard Deviations of Scores for Fixed-Length Stradaptive

se a Joint Function- of Item Discriminations '(a)

and Validity of Initial Ability Estimates

a
No.

Items
Fixed
Entry

Infital Ability ,

Correlation

a
No.

Items
Fixed
Entry

. Initial Ability
Correlation

0.0 0.5 1.0 0.0 '0.5 1.0
Score 1 Score 4

0.5 10 .844 .949 1.020 1.090 0.5 10 .101 .144 .11'5 .093
20 .878 .914 .995 1.050 20 .067 .078 .068 .069
40 .882 .591 .947 .988 40 .042 .046 .045 .044
60 .894 .882 .899 .951 60 .032 .033 .034 .034

1.0 10 .838 .882 .984 1.060 1.0 10 .095 .134 .102 .084
20 .893 .911 .967 1.040 20 .056 .071 .060 .052
40 .913 .908 .967 .991 40 .035 .041 .035 .033
60 .927 .938 .951 .977 60 .023 .026 .025 .024

2.0 10 .871 .897 .996 1.040 2.0 10 .095 1.530 .096- .072
20 .912 .935 .990 1.010 20 .056 .074 .057 40.53
40 .944 .942 .979 1.020 40 .035 .040 .035 .033
60 .952 .937 .974 .983 60 .039 .029 .024 .022

Score 2 Score 5

0.5 10 .790 .895 .976 1.060 0.5 10 .060 .076 .066 .055
20 .841 .873 .961 1.020 . 20 .041 aas .044 .045
40 .846 .849 .908 .948 40 .026 .029 .030 .030
60 .856 .844 .866 .911 60 .020 .021 .022 .023

1.0 10 .793 .830 .959 1.050 1.0 10 .051 469 456 .049
20 .869 .876 .941 1.020 20 .032 .042 .036 .032
40 .889 .883 .945 .968 40 .020 .024 .020 .021
60 .901 .913 .926 .957 60 .014 .016 .015 .015

2.0 10 .824 .851 .966 1.030 2.0 10 .051 474 .056 .042
20 .886 .899 .964 1.000 20 .029 .042 .031 .029
40 .921 .919 .957 .998 40 .018 .023 .020 .019
60 .931 .918 .953 .961 60 .032 .016 .014 .014

Score 3 Score 6

0.5 10 .687 .682 .689 .665 0.5 10 .044 .048 .054 .059
20 .791 .796 .795 .792 20 .040 .042 .046 .050

40 .885 .884 .896 .899 40 .029 .030 .032 .033
60 .929 .913 .882 .922 60 .02 .024 .024 .026

1.0 10 .833 .824 .864 .855 1.0 10 463 .079 .090 .106
20 .918 .917 .923 .937 20 .047 .053 .057 .061

40 .943 .946 .972 .969 40 .029 .031 .033 .034

60 .971 .980 .968 .977 60 .021 .022 .023. .023

2.0 10 .934 .928 .952 .912 2.0 10 .078 .101 .120 .149

20 .949 .973 .966 .960 20 .050 .051 .059 .060

40 .975 .982 .982 1.000 40 .024 .024 .025 .025

60 .985 .970 .995 .985 60 .017 .017 .016 .016

34!



-29-

Correlational Analyses

Table 10 shows a matrix of intercorrelations among Fixed-Length Stradaptive
test scores. As the table shows, the three ability scores correlated very
highly; the two average difficulty scores, scores 1 and 2, correlated almost
perfectly (i.e., .999) and the Bayesian score correlated .992 and .993 with
them. Scores 4 and 5, the error predictor scores corresponding to the

Table 10
Intercorrelations Among Fixed-Length Stradaptive Scores

Ability Scores Error Predictor Scores
1 2

1 1.000 0999

2 .999 1.000

3 992 .993

4 -.079 -.090

5 -.169 -.173

6 .450 .446

3 I

1.992

.993

1.000

....1.66
i
,

-.246 1

.407 1
1

4 5 6

-.079 -.169 ..450

-.090 -.173 .446

:0166 0246 .407

1..080 .958 0.351 .

.958 1.000 .327

.351 .327 1.000

average difficulty scores, correlated highly with each other (.958) but low with
the Bayesian error predictor score (.351 and .327, respectively). Error

predictor scores 4 and 5 correlated very'slightly and negatively with the three
ability scores, but score 6, the Bayesian error predictor score, correlated
moderately with all three ability scores.

The error predictor stores were designed to be independent of the ability

scores. The fact that the Bayesian error score correlated with the ability
scores suggests that it might not be as useful as the others as a measure of

error. This result may be due to the guessing probability being non-zero in the
model, which may have affected the Bayesian error score.

Table 11 shows the correlations of the three Fixed-Length Stradaptive
ability scores with the generating ability. These correlations increased for

all scores as the item discriminating power and test length increased. For the

average difficulty scores, scores 1 and 2, these correlations increased as the

validity of the initial ability estimate increased. As can be seen, this

trend diminished as test length increased. No definite trend with respect to

initial ability estimates was observed in the Bayesian score. This is because

a constant prior (i.e., population parameters) was given to the Bayesian

scoring routine while the average difficulty scores implicitly incorporated the

initial ability estimate information. The capability to explicitly use prior

information could easily be added to the.Bayesian score but this capability is
not without its disadvantages (e.g., the goodness of the prior must be stated

explicitly and this will erica a poor prior-to bias the score).
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Correlations of scores 1 and 2 with generating ability were higher when
using a fixed entry point than when using a variable entry point with invalid
prior information. A similar result was observed, in general, for the Bayesian
score. Score - ability correlations for scores 1 and 2 using a variable entry
point were, in general, higher than those using a fixed entry point when the
initial ability estimate correlated .5 with generating ability. When initial
ability estimates correlated 1,0 with actual ability, score-ability correlations
for scores 1 and 2 were always higher than with a fixed entry point. But, in
general, the advantage of prior information diminished as test length increased.
Score 3, the Bayesian score, usually resulted in higher score-ability correlations
when a fixed entry point was used than when prior information was available
regarding a testee's ability level.

Of the two average difficulty scores, score 2, the average difficulty of
all items administered, correlated higher with generating ability than did.
score 1 for tests with items having discriminations of 1.0 or 2.0. Score 1, the
average difficulty of all items answered correctly, correlated higher with
ability for, tests with items having discriminations of .5. Score 3, the
Bayesian score, correlated higher with ability than either of the average diffi-
culty scores when no prior information was available, regardless of item dis-
criminations. In general, score 3 also correlated as high or higher than did
the average difficulty scores for tests having 40 or 60 items or item discrim-
inations of 2.0 even when prior information was available.

Comparison with the conventional test. The fairest general comparison be-
tween Fixed-Length Stradaptive scores and conventional test scores is with no
prior information, since the conventional test cannot use prior information.
The best Fixed-Length Stradaptive score for those conditions was the Bayesian

score.

Comparing Tables 1 and 11, when discriminations were .5, the conventional
test correlated higher with ability for all lengths shorter than 60 items. When
discriminations were 1.0, the stradaptive test correlated higher at all lengths
greater than 10 items. When discriminations were 2.0, the stradaptive test
correlated higher with ability than did the conventional test at all of the
four lengths investigated. For the 10-item tests, the stradaptive score 3
correlation with ability was .919, while that for the conventional test was .888;

at 60 items the respective correlations were .989 and .926.

Although the comparison with the fixed entry point is of most interest in

a pure research situation, it is also appropriate to compare the usual modes

of implementing the two testing strategies, i.e., the conventional test without
prior information and the stradaptive test with a moderately valid prior

ability estimate (i.e., .50). Under these circumstances, score-ability
correlations were higher for the stradaptive test using all scoring methods with

highly discriminating items. Using moderately discriminating items, stradaptive
correlations were higher, in general, for tests longer than ten items. For items

with low (a =.5) discriminations, the conventional test scores correlated higher

with ability.

Information Analysis'

Table 12 presents average heights of information curves for the Fixed-Length

47k37
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Table 12
Average Information Provided by Revised Stradaptive Scores as a

Joint Function of Item Discriminations (a), Test Length,
and Validity of Initial Ability Estimates'

a
No.

Items
Fixed

Entry

'Initial Ability
. Correlation .

.0.0 0.5 1.0

0.5 10

Score 1
-761r5--=3-4-.37-91-4---rtra

20 1.412 .913 1.642 2.442
'40 . 2.823 2.260 2.989 3.708
60 4.234 3.721 4.595 5.191

1.0 10 1.864 .823 2.834 3.998
20 3.762 2.247 4.122 5.825
40 8.221 6.149, 8.494 10.104
60 12.835 9.963 12.721 15.262

2.0 10 4.468 1.413 3.538- 8.184

20 9.368 4:519 7.833 13.286
40 28.587 11.785' 17.836 23:958
60 29.942 18:125 26.482 32.924

Sallie 2

0.5 10- '.601 .312 .919 2.077
20 1.368 .982 1.647 2.485
40 2.779 2.299 2.999 3.781
60 4.220 3.889 4.625 5.178

1.0 10 1.885 .763 2.039 4.349
20 3.861 2.319 4.281 6.211
40 8.688 6.358 8.937 18.888
60 13.468 18.721 13.611 16.432

2.0 10 4.447 1.311 3.548 9.459
20 18.188 4.557 8.282 15.414
40 23.814 12.729 19.574 28.061
60 33.283 28.727 29.254 37.862

Score 3

0.5 10 .789 .148 .833 .847

20 1.721 1.586 1.719 1.797
40 3.345 3.328 3.348 3.474
60 4.989 5.827 5.141 5.279

1.0 10 2.284 1.951 2.444 2.496
20 4.565 4.579 5.155 5.268

40 10.432 18.165 18.994 11.854
60 16.643 1-6.357 16.948 17.859

2.0 10 5.108 4.891 4.885 5.782
.20 12.354 11.887 12.271 13.139

40 29.151 28.698 .38.753 33.455
60 46.748 44.496 48.103. 58.578

38
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Stradaptive scores. As was observed with the score-ability correlations,
average information increased with item discrimination and test length for all
scoring methods.

Whereas score - ability correlations increased with higher validity of the
initial ability estimate only for scores 1 and 2, average information showed
that increasing trend for all three scores. An advantage of the Bayesian score
with respect to this trend is observed in Table 12. Since, as implemented, the
Bayesian scoring procedure used a constant prior regardless of the testee's
entry point, the effects of poor prior information resulting in an inappropriate
entry point were negligible, whereas the effect on an average difficulty. score
was substantial. As an example, the average information from a 60-item
stradapEive test provided by score 2 dropped from 33.283 to 20.727 as a fixed
entry point changed to a random entry point which was uncorrelated with actual
ability. Under the same conditions, the average information provided by the
Bayesian score dropped only slightly from 46.748 to 44.496.

Score 2 generally provided higher levels of information than did score 1
when item discriminations were 1.0 or 2.0. Although score 1 correlated higher
with ability than did score 2 when item discriminations were low (vm.5),
this result did not occur when average information values were compared. As
with score-ability correlations, the Bayesian score provided the highest level
of average information of the three scores when no prior information was
available. Furthermore, it provided the highest level of information when
initially ability estimates correlated .5 with ability, except for a 10-item
test with item discriminations of .5. Even when the average difficulty scores
had prior information correlating 1.0 with ability and the Bayesian score used
no prior information, the latter scoring method provided a higher level of
average information when test length was 60 and the items were moderately or
highly discriminating.

Table 13 presents the coefficients of variation for the height of the
information 'curves of the three Fixed-Length Stradaptive ability scores. One
trend was apparent in all three scores: equiprecision decreased (and hence the
coefficient of variation increased) as the items became more discriminating.
For example, under the fixed entry point conditiontecore 1 coefficients
increased from an average of about 34 to an average of about 64 as discriminations
increased from .5 to 2.0.

No consistent trends were apparent with respect to test length, although
equiprecision appeared to improve for all scores as test length increased when
prior information was either not used (i.e., fixed point entry) or was very
poor (i.e., correlation 0.0 with ability). Coefficients of variation for scores
1 and 2 showed a U-shaped quadratic trend with respect to improving initial

ability estimates. This trend is not easily explained, did not generally
appear using the Bayesian score (score 3), and may involve a more complex inter-
action with test length. For example, the trend was readily apparent for
score 1 with a length of ten items and discriminations of .5, but flattened out
somewhat, under the same conditions, for score 2. Coefficients of variation

for the Bayesian score, instead of showing this trend, showed a monotonic de-
creasing trend with increasing goodness of initial ability estimates within
levels of item discrimination and test length.
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Table 13
Coefficients of Variation for Information
Functions of Fixed-Length Stradaptive Scores

as a Joint Function of Item Discriminations (a),
Test Length, and Validity of Iditial Ability Estimates

a
No.
Items

Fixed
Entry

Initial Ability
Correlation

0.0 0.5. 1.0
Score 1

0.5 10 48.218 36.915 25.681 42.71g
20 36.415 32.185 P1.876 33.565
40 31.192 P7.389 24.818 P9.355
60 P9.637 27.286 27.595 29.680

1.0 10 53.558 68.132 36.237 32.839
20 58.829 49.366 34.918 37.824
40 46.274 41.329 35.869 36.683
60 44.351 39.448 38.758 37.147

2.0 10 65.532 69.094 47.545 45.275
20 62.176 57.474 47.305 56.363
40 62.566 49.879 46.948 55.433
60 65.565 47.057 51.949 60.603

Score 2

0.5 10 32.132 36.367 17.789 42.3U
20 26.793 31372 16.064 31808
40 22.350 24.290 16.027 25.036
60 20.002 22.160 18.417 23.002

1.0 10 49.193 65.831 28.147 22.289
20 44.836 53.478 26.024 34.334
40 37.983 40.565 26.867 30.773
60 35.312 37.427 30.882 29.794

2.0 10 64.505 82.484 4 5.668 41.149
20 59.592 66.010 43.873 52.664
40 60.093 55.599 41.947 51.329
60 60.594 51547 46.137 54.752

Score 3

0.5 10 86.378 26.023 15.656 12.109
20 22.803 P #.847 11.664 8.255
40 16.969 17.288 12.651 11.397
60 14.848 15.880 14.130 13.401

1.0 10 40.880 42.653 18.994 14.132
20 33.230 36.038 17.937 10.805
40 P4.806 25.312 17.257 13.561
60 21786 22.618 15.961 11.990

2.0 10 54.820 56.473 28.118 26.204
20 42.800 45.162 27.990 14.572
40 38.263 38.061 30.573 17.805
60 34.114 34.516 27.272 24.948

40
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Comparison with the conventional test. Comparing information provided by
a fixed entry point stradaptive test using the Bayesian acore.with the information
provided by a conventional test (Table 1), the stradaptive test always .provided
a higher average level of information. At no combination of test length and item
discrimination did the information function of the conventional test have a
higher average value than that of score 3 of the stradaptive test. Stradaptive
scores 1 and 2 (with fixed entry) also provided higher average levels of
information than did the conventional test, for all test with item discriminations
of 1.0 or 2.0. When the stradaptive test utilized valid prior information, its
average level of information exceeded that of the conventional test across all
test lengths, levels of discrimination, and scoring methods.

Equiprecision of measurement provided by the Fixed - Length Stradaptive test
was superior to the equiprecision provided by the conventional test in the
vast majority of comparisons. Equiprecision provided by the Fixed-Length Stra-
daptive Bayesian score was superior to that of the conventional test score in all
cases where test lengths and item discriminations were matched. The lowest
coefficient of variation (i.e., the best equiprecision) generated by the conven-
tional test was 39.617, for a 60-item test with items of .5 discrimination.
The Bayesian score of Fixed-Length Stradaptive provided better equiprecision than
this in all but six out of 48 conditions; in each case whet. the conventional test
was more equiprecise, the stradaptive test was composed of 20 items or fewer.

Figure 1

Information Curves for 40-ItemiConvantional and
Stradaptive Tests Using Items with Discriminations of a4.5

3.0

7.0

6.0

5.3

3.0

2.0

1.0

Cornvitional Tht
Stradaptivo tat.

Med Prior4,--
Prior % Sie 1), r00
Prior % 11(0,1), ro1.5
prior % 1110, 1), r.1.0

64.0

49.0

39.0.

25.0

16.0

-3.0 -2.5 -2.0 -1.5 -LO -.5 0 .5 1.0 1.5 2.0 2.5 3.0

ABILITY

9.0

11.0

1.0

In general, the use of valid prior information within Fixed-Length Stradaptive

resulted in greater equiprecision of meaS4rement. For score 1, the most equi-

41
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precise measurement was observed for initial ability correlations of .5.. For
scores 2 and 3, increasingly valid entry point information resulted in more
equiprecise measurement with items of moderate (12=1.0) and high discriminations
(2...2.0), and for low discriminating items (a=.5) for score 3. With a few exceptions,
a fixed entry point was better than an invalid (rm0.0) variable entry point.

Graphic comparison of information curves. Figures 1, 2 and 3 show graphically
the effect of different item parameters and different validities of prior information
on the information curves of the Stradaptive Bayesian score; for comparison
purposes, these figures also include information curves for conventional test scores.
Figure 1 shows information curves based on item discriminations of eet.5 for a 40-
item conventional test and for 40-item stradaptive tests with different initial
ability estimate validities. With such low item discriminations, all tests resulted
in very low and flat infutmation curves.

Figure 2

Information Curves for 40-Item Conventional and
Stradaptive Tests Using Items with Discriminations of a=1.0

8.0 64.0

Conventional flot

7.0
Stradiptivo rests

149.0

Prior ot. 11(0,11, m0.0 0--
Prior ot. r-0.5 0---
Prior

6.0 36.0

5.0 25.0

4.0 J6.0

3.0 9.0

1.0

1.0 1.0

-3.0 -2.5 1.5 2.0 2. 3.0

ABILITY

Figure 2 shows the same curves for tests with items having discriminations of

ai*1.0. Several trends are apparent: 1) the conventional test provided better
measurement than the stradaptive tests in the middle range of the ability range,
but less precise measurement in the extremes; 2) the stradaptive tests provided
more equiprecise measurement (i.e., flatter curves) than did the conventional test;
and 3) the initial ability estimates had anseffect primarily at low ability levels.
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Figure 3 shows the curves for tests using very discriminating items
(i.e., am2.0). The information curves were again higher and the three
observations made for Figure 2 were even more obliious.

Figure 3

Information Curves for 40-Item Conventional and
Stradaptive Tests Using Items with Discriminations of a=2.0

8.0-
COnoontional Zest
Ctlydaptive Tests
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-3.0 -2.5 -2.0 -1.5 -1.0 -5 0 .5 1.0 1.5 2.0 2.5 10

64.0

.0

36.0

3.0
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9.0
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1.0

ABILITY

The general upward trend in the curves observed in Figures 2
results from the .20 guessing parameter used in the simulations.
to note, however, that the maximum values of information achieved
daptive test at the high ability levels are essentially equal to
information values achieved by the conventional test.

Termination Criterion Analysis

and 3
It is interesting

by the stra
the highest

Table 14 shows correlations of the three error predictor scores with absolute
deviations from the line of relations between standardized ability and ability

scores. Error scores and ability scores in Table 14 are ordered such that the
error scores correspond to the ability score on the principal diagonal of the cor-

relation matrix.

The data in Table 14 show that: 1) the correlations increased as the item
discriminating powers increased; 2) the error scores were not necessarily most
predictive of the corresponding ability score on the diagonal; and 3) the
correlations were, in general, quite low. When item discriminations were .5, the
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correlations were so low as to suggest that no informatio4 about precision of
measurement is provided by the error scores. The correlations of .205 and .250
suggest that when item discriminations are 1.0, error scores 4 and 5 might be of
slight utility in predicting precision of measurement. The Bayesian error score,
score 6, was slightly correlated with errors of the two average difficulty ability
scores but essentially unpredictive for errors of the Bayesian ability score,
score 3. When discriminations were 2.0, error scores 4 and 5 were slightly more
predictive of errors in their corresponding ability scores than they were when ,

discriminations were 1.0. The Bayesian error score was still the least predictive
of the three.

Table 14
Correlations Between Error Predictor Scores and

Absolute Deviations from the Line of Relations Between
Ability and Ability Scores, as a Function of Item Discriminations (a)

a
Ability
Score

Error Scores
4 5 6

0.5 1 -.020 -.013 -.052
2 -.018 -.005 -.045
3 -.028 -.038 -.004

1.0 1 .205 .231 .168

2 .221 .250 .187

3 .013 .007 .062

2.0 1 .350 .398 .191
2 .323 .364 .149

3 .247 .249 .179

Using the correlation of error scores with ability score deviations as an
evaluative criterion, it appears that none of the three criteria investigated are
very useful for estimating the magnitude of measurement errors. However, a

different criterion might provide different results. Furthermore, no trait of
inconsistency or unpredictability was programmed into the response model. The
analysis, therefore, was sensitive only to imprecision introduced through for-
tuitous response instability affecting the psychometric properties of the tests.

Live testees might be predictably inconsistent and thus demonstrate better validities
for the error scores. A future study might compare shapes of information curves
provided by tests terminated under these criteria as well as the original criterion

suggested by Weiss (1973). The best termination criterion would, in that situation,
be the one which produced the most equiprecise measurement at all levels of

ability. Such a study might also investigate models of a trait of inconsistency

or unpredictability.

SUMMARY AND CONCLUSIONS

Conventional Test

Two psychometric characteristics of the conventional test are worthy of

mote. First, the score-ability correlation is not a monotonically increasing

44.
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function of item discriminating power. For conventional tests longer than 20
items, the score-ability correlation decreased as items became more discriminating
than a.m1.0. The second observation is that equiprecision of measurement with a
conventional test is'a monotonic decreasing function of item discrimination. These
two observations combined suggest that if sufficiently discriminating items are
available, the conventional test provides precise measurement for so few people
that improving the quality of the items does not improve the quality of the
measurement.

Variable-Length Stradaptive

The original form of the stradaptive test showed characteristics in this
study similar to its characteristics as derived from previous live-testing
studies. Means and standard deviations of scores obtained using the real item
pool were slightly different in the simulation data. This was probably due to the
use of item parameters based on small subject groups in the live testing study.
The difference in results may, however, have been a function of the failure of
aspects of the simulation model to adequately reflect the behavior of real
testees.

The length of the Variable-Length Stradaptive test shortened substantially
as items became more discriminating, but showed no trend with improving initial
ability estimates. Tests using the real item pool were shorter than would have
been expected considering the discriminations of the item pool. This supports
the suggestion that, under Weiss' original ceiling stratum termination criterion,
test length may be decreased' considerably by putting the most diddriMinating items
at the beginnings of each of the strata.

The same clusters of scores observed in live-testing studies were observed
in the simulation data; and, as in the live-testing data, the average difficulty
scores, scores 8 and 9, had the highest indices of reliability (i.e., correlations
with gendrating ability). No definite trend in score-ability correlations was
observed as a function of the quality of the initial ability estimates. This
suggests that variable entry to Variable-Length Stradaptive does not increase its
capability of reflecting true ability level, on the average. An increasing trend
in score-ability correlations with increasing item discriminations was noted.
This suggests that there is a deficiency in the termination criterion since it does
not keep precision of measurement constant, as it was intended to do.

Variable-Length Stradaptive vs. Conventional

Comparing Variable-Length Stradaptive to the conventional test, the best stra-
daptive score, score 8, bad'higher score-ability correlations only when item
discriminations were higher than amt.°. The sale observation was true for average

information. Better equiprecision of measurement, on the other hand, was always
provided by the stradaptive test, with coefficients of variation for information
functions of the conventional test sometimes being more than twice as large as
those of the stradaptive test operating under the same conditions.

The simple question of which of the two testing strategies is better cannot
be answered without specifying criteria and conditions: The Variable- Length

Stradaptive testing strategy always provided more equiprecise measurement than
the conventional test, but provided more average information and higher score-
ability correlations only when the items were highly discriminating.
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Fixed-Length Stradaptive

Intercorrelations among Fixed-Length Stradsptive scores revealed that
scores 1 and 2, respectively the average difficulty of items correct and
administered, were nearly identical, correlating .999. The Bayesian ability
score also correlated highly with the first two (r -.993. and .992). Error
predictor scores 4 and 5, the error scores corresponding to ability scores 1
and 2, correlated highly among themselves, moderately with the Bayesian error
score, and poorly with the ability scores. The Bayesian error score correlated
higher withthe ability scores than with the other error scores.

Ability scores 1 and 2, for all practical purposes, performed equally well
in terms of score-ability correlations, average information, and equiprecision.
The Bayesian ability score performed better than the first two scores, in terms
of score-ability correlations and average information, when tests were more
than 20 items long or when initial ability correlations were less. han .5. It
did not perform as well in other conditions because it wss not explicitly
given prior information when prior information was available and could not use
it implicitly as could the average difficulty scores. Given an informative
prior the Bsyesian score would probably always be superior to the average diffi-
culty scores. An advantage of the Bayesian score when given only a population
prior is that the effects of poor prior information resulting in an inappropriate
entry point are negligible whereas the effect on the average difficulty scores
is great. Although no score was best with respect to average information under
the conditions studied, the Bayesian ability score always provided more equi-
precise measurement than did the average diffitnity stores.

Fixed-Length Stradaptive vs. Conventional

When compared to the conventional test, the Bayesian score, which was
generally the best score of Fixed-Length Stradaptive, correlated higher with
ability than did the conventional test score when tests were long or discrimin-
ations were high. For item discriminations of a=.5, the stradaptive test's
Bayesian score correlated higher with ability than did the conventional test
score when the test length was 60 Item. When item-discriminations were 1.0, the
Bayesian score correlated higher when. tests were longer than 10 items. When
discriminations were 2.0, the Bayesian score correlated higher with ability
than did the conventional test at all test lengths. The Bayesian score of
Fixed-Length Stradaptive always provided higher average information and better
equiprecision than did the conventional test when item discriminations and test
lengths were equated.

Termination Criteria

Error predictor scores investigated in conjunction with Fixed - Length
Stradaptive appeared to provide little information about errors of measurement,
although slight correlations with absolute-error from the line of relations
were observed when item discriminations were high. These data do not lend
support to the idea of using these error scores as termination criteria. How-

ever, an alternative approach for future research on termination criteria might
be to terminate tests on the basis of the various criteria and compare shapes
of the resulting information curves. The best termination criterion would

produce the flattest information curve.
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Conclusions

The data support the contention that the stradaptive testing strategy
can produce better measurement than comparable conventional tests in terms of
amount of information provided, equality of information provided at different
ability levels, and in some conditions, in terms of correlations of scores with
ability. These advantages become even greater as item discriMinations improve.
The data further suggest that I) the Bayesian scoring technique ',s a very good
method for scoring the stradaptive test; 2) the use of prior information to
provide variable entry points into the fixed-length stradaptive test generally
improves the measurement characteristics of the resulting scores; and 3) further
research is needed to develop and refine flexible termination criteria for the
stradaptive testing strategy.
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APPENDIX A

A Fortran IV Bayesian Scoring Routine

SUBROUTINE BSCOR (- BTHETAVARDDIFDDISDIRESP)
C CALLING PARAMETERS
C - --- BTHET S MEAN OF PRIOR ABILITY DISTRIBUTION
C - - -- BVAR t VARIANCE OF PRIOR ABILITY DISTRIBUTION

DIF 4 B -VALUE OF ITEM
DIS t A -VALUE OF ITEM
IRESP t RESPONSE -- I s CORRECT, 0 INCORRECT

GUESSING PARAMETER SET TO 0.2 HERE
GUESP00.2
Ds(DIF.13THET)/SORT(200*(100/DIS**2*BVAR))
ERFDs2.0*CDFN(D*1.41421)100
EDSOsEXP(D**2)
EDSOls1.0/EDS2
XXINVs0.5*(1.0.ERFD)
XLINVIIGUESP*(1.041UESP)*XXINV
XL I /XLI NV
IF (IRESP .NE. 1) GO TO 10
Ss0.390942*(SORT(BVAR)/SORT(100*(1.0/DIS**0)*

+ 1.0/BVAR))*(100/XXINV)*EDS01
Ts.01.772454*D*EDSQ*(100.ERFD)
BTHETsBTHET*C1-00.GUESP4*XHINV*XL*S-
BVARsBVAR.(1.0GUESP)*XXINV*XL*S**2*(T..GUESP*XL)
RETURN

10 BTHET=BTHET.00797805*(BVAR/SQRT(100/DIS**2*
O 11VAR))*EDS21*(1.0/(1.0*ERFD))
PARTIn1.120379/(100*(1.0/DIS**2)*(1.0/BVAR))
PART201.0/(EDS0*(1.0*ERFD))**2
PART3s00564190.0*EDS0*(1.0*ERFD)
BVAR=BVAR*(1.0.PART1*PART2*PART3)
RETURN
END
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Table B-2
Difficulties 0), by Stratum, of the Hypothetical Stradaptive

Item Pool Having Item Discrimlnations of a

Stratum
1 5 6 7 .

'1E304 -1.781 -1.448 ...559 =;119 .663 .337 1.898 2.967
-2.695 -1.792 -1.373 .603 .285 .838 .252 1.789 2.366
-2.863 2.271 -1.152 ...835 .249 .617 .354 2.102 2441
-2.497 1.929 -1.271 -.898 -.112 .513 .488 1.864 2.379
-2.331 -1.907 -1.470 -.508 .221 .451 .582 4.693 2.637
-2.377 -1.756 -1.411 ...306 -.123 .444 .647 1.788 2.575
-2.520 -2.115 -1.329 ....333 -.288 .514 .115 1.929 2.642
-2.588 -2.029 -1.381 -.569 .171 .380 .481 2.146 2.870

2.3156 -1.637 -.393 -.030 .764 .024 2.054 2.872
-2.709 2.160 -1.428 -.863 .026 .740 .403 2.185 2.511
-2:650 -1.895 -1.321 -.773 .227 .739 .061 1.986 2.573
-2.993 -2.234 -1.140 -.566 0026 .603 .165 1.821 2.754
-2.447 -2.307 -1.288 -.886 -.234 .929 .640 2.310 2.332
-2.350 -1.664 -1.425 -.774 .072 .387 .179 2.310 2.845
-2.607 -2.283 -1.127 -.816 -.106 .412 .193 2.273 2.735
-2.372 -1.873 -1.209 -.560 .097 .512 .199 2.229 2.701
-2.721 -1.909 -1.084 -.646 .291 .948 .453 1.791 2.358
-2.640 -2.277 1.401 -.791 .014 .726 .636 2.163 2.908
-2.369 -1.938 -1.407 -.460 -.207 .944 .511 2.120 2.457
-2.735 -2.287 -1.588 -.880 -.259 .777 .583 2.029 2.711
-2.472 1.764 -1.024 -.343 .218 .820 .121 1.837 2.948
-2.909 -1.989 -1.357 -.912 -.146 .415 .454 1.744 2.698
-2.611 -2.201 -1.502 -.377 .164 .995 .355 2.198 2.409

-24136 -145U5' =.970' :27T :728' '.659 -1.093 2704
-2.369 -1.932 -1.109 -.647 .207 .546 .305 1.779 2.765
-2.487 -2.142 -1.291 .467 .250 .795 .292 1.722 2.885
-2.666 1.730 -1.411 -.566 .266 .564 .384 1.035 2.59.1.

-2.393 -2.090 -1.292 -.829 -.292 .365 .425 1.819 2.919
-2.413 ;1.681 -1.337 -.889 .258 .796 .344 2.286 2.476
-2.714 -2.064 -1.206 -.798 -.117 .526 .151 2.098 2.801
-2.531 -1.167 -1.135 -.358 .100 .991. .598 1.705 2.334
-2.359 -2.148 -1.279 -.458 .033 .358 .542 1.807 2.447
2.603 -1.703 -1.051 -.397 -.289 .898 .239 2.019 2.753
-2.920 -1.756 -1.099 -.563 .074 .948 .030 2.202 2.444
-2.879 -1.941 -1.333 -.421 .327 .937 .338 1.804 2.978
-2.638 -2.311 -1.575 -.527 -.076 .706 .349 1.859 2.708
-2.940 -1.996 -1.568 -.513 -.114 .854 .649 2.316 2.925
-2.435 -1.887 -1.632 -.433 .161 .721 .590 2.034 2.486
2.368 -1.952 1.345 -.757 .285 .4e1 .264 2.133 2.511
*2.561 -1.909 -1.520 -.365 ..042 .741 .507 1.974 2.362
-2.754 -1.892 -1.570 -.566 .122 .664 .256 1.839 2.992
-2.599 -1.788 -1.485 -.407 .144 .515 .511 2.264 2.925
-2.338 -1.901 1.171 -.695 -.025 .723 .376 2.022 2.945
-2:799 -2.281 -1.115 -.643 -.27.4 .462 .355 2.151 2.749
-2.714 -2.061 -1.056 -.556 -.240 .997 .377 1.928 2.955
-2.742 -2.129 -1.317 -.486 .025 1.000 .452 2.221 2.422

Heap -2.607 2.000 -1.332 ...614 .032 .683 1.374 1.999 2.681

S.D. .190 .192 .171 .186 .190 .200 .176 .190 .213
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Table 8-4
Difficulties (b),-by Stratum, of the Hypothetical

Stradaptive Item Pool Having Item Discriminations of a 02.0

:Stratum
1 2 3 4 5. 6 7 8 9

-2.810 »1.768 »1.469 -.528 »029 .421 546 1.999 2.630
»2.953 »2.054 »1:097 -.630 .137 .747 .570 2.069 2.898
-2.773 -1.974 »1.092 -.420 -.321 .453 .248 1.999 2.334
»2.698 -2.224 »1.425 -.489 .3113 .955 .490 2.314 2.668
-2.573 -1.744 »1.155 -.526 »a38 .$99 .113 1.808 2.693
-2.993 »1.739 »1.077 »080 ».279 .864 .530 2.161 2.966
»2.630 -2.324 »1.078 -.596 -.267 .670 .391 2.803 2.450
-2.916 -1.856 -1.456 -a21 -.041 .726 .272 2.189 2.537
»2.691 -2.293 »1.604 -.377 -.187 .687 .665 1.843 2.359
- 2.886 -1.822 »1.325 -.951 -.055 .793 .637 2.315 2.805
» 2.587 -2.235 -1.496 -.960 .260 .531 .514 1.905 2.503
-2.653 - 2.222 -1.426 -.918 -.075 .644 .536 1.797 2.512
- 2.496 -2.067 -1.496 -.752 .001 .453 .190 2.105 2.967
-2.633 -2.303 -1.181 -.472 .148 .533 -.220 1.871 2.413
-2.406 -1.706 -1.027 -.843 -.057 .705 .615 1.703 2.493
-2.577 -1.981 -1.334 -.702 .200 .789 .611 1.796 2.591
- 2.656 -1.737 -1.492 -.981 -.327 .869 .030 1.935 2.507
»2.904 »1.842 -1.306 -.685 -.330 .755 .620 2.149 2.460
2.995 -2.077 -1.652 -.914 .099 .524 .026 2.058 2.421
-2.691 1.802 »1.180 -.841 .125 .921 .498 2.187 2.775
»2.582 -1.971 -1.590 -.392 .149 .593 .184 1.991 2.989
-2.357 - 1.778 -1.038 -.919 -.168 .788 .496 1.829 2.948
»2.936 »2408 »1.390 .070 .657 .085 2.310 2.955
»8.902 -1.686 -1.624 -.666 .608 .196 2.1r1 2.393
»2.784 -2.102 -1.132 -.998 .110 .967 .652 2.274 2.403
»2.334 »2.113 »1.039 -.503 -.027 .633 .519 2.230 2.535
»2.897 »2.169 -1.560 -.952 -.144 .434 .124 1.799 2.757
-2.812 »2.303 -1.346 -.848 .242 .443 .376 2.166 2.787
»2.593 -2.127 »1.437 -.786 .215 .649 .093- 2.124 2.760
-2.835 »2.175 -1.308 »079 .094 .959 .019 2.034 2.562
2.679 1.891 -1.504 -.919 .115 .525 .141 1.845 2.496
»2.821 -2.313 »1.006 -.715 -.225 .424 .368 1.152 2.615
2.837 »2.048 »1.185 -.428 -.196 .981 .519 2.200 2.719
-2.519 -1.965 -1.184 -.405 .194 .427 .335 1.899 2.358
»2.883 »1.844 »1.221 -.404 .189 .930 .138 1.787 .842
»2.348 »14716 »1.265 -.938 .277 .551 .171 1.731 2.547
2.767 »1.864 »1.036 -.594' .198 .622 .589 1844 2.950
»2.726 -2.153 »1.329 »4722 .27.3 .377 .127 1.826 2.595
»2.907 -2.026 »1.372 »047 .078 .979 .114 2.287 2.455
2.733 -1.851 »1.461 -.847 -.232 .826 .455 2.102 2.584
2.383 -2.246 -1.650 -.613 .076 .912 .303 1.714 2.783
-2.787 »2.868 -1.083 -.391 -.329 .808 .066 1.815 2.600
2.952 -1.769 »1.295 -.609 -.219 .672 .069 2.023 2.676
-2.637 -2.050 »1.596 »6442 .229 .576 .552 2.204 2.726
2.354 »1.852 -1.048 -.485 .099 .511 .332 1.812 2.888
2.701 »1.712 -1.104 -.750 -.291 .381 .152 1.866 2.376

Mean -2.710 »1.990 »1.308 -.684 -.012 .676 1.337 2.000 2.637

S.D. .192 .196 .198 .196 .202 .183 .208 .189 .193
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APPENDIX C

Computer Hardware and Software Used for the Simulations

The Computer

The computer used for this research was a Hewlett-Packard 9600E real-time
computer system, which is based.= a 21005 central proceaaer with a memory
consisting of 32K of 16-bit words. Peripheral equipment available consisted
of one disk with a capacity of about 5 million ASCII characters, a high. speed
paper tape reader, a teletype and four cathode ray terminals (CRTs).

Integer numbers were represented in a single computer word with a maximum
value of *32768. Real numbers were represented as two 16-bit words having
about six significant digits. For long addition where this waa not sufficient
precision, double-precision arithmetic was used providing 13-digit significance
by using three 16-bit words.

Approximately half of the total memory waa used by the computer operating
system, but the half remaining proved adequate for all simulation programs used.
The disk had room to store test scores for 15,000 teateea after space waa pro-
vided for system programs and simulation programs.

The Program System

To make efficient use of available computer time, it was necessary to run
the simulation programs from 5:00 each evening until 8:00 the next morning as
well as from 5:00 Friday evening until 8:00 Monday morning. Since the simula-
tion program could fill its available atorage apace in an hour or so, it was
obvious that the data would have to be generated, analyzed, erased, and re-
generated. To make this process semi-automatic, so that a programmer would not
have to be present to start a new program each hour, a program system organized
as shown in Figure C-1 was constructed.

Scheduling. The first step in running the aimulation system was to write
a schedule of programs and enter this through the teletype. This schedule was
then read by the scheduling program which in turn scheduled a certain procesaing
program to run. The schedule might have been, for example, as follows: 1)

generate and score 1000 conventional test response records using item parameter
file 1 and a normal ability distribution; 2) run a correlation program to cor-
relate the generating ability with the test score; 3) print the results;
4) generate 15,000 teat records using a rectangular ability distribution; 5)
calculate the information values; 6) print the results; and 7) stop.

The acheduling program would read the first element of the schedule and,
seeing that it said to generate data,would schedule the data generating
program 1000 times, etc. After each program finished, control was returned to
the scheduling program which then scheduled another process or stopped.

The data generation program. The core of this system was the data gen-
eration program. On ordera from the scheduling, rogram, it first selected an
item parameter file to work from and then generated an ability either randomly
from a normal distribution or at a fixed level as dictated by the schedule.
If the schedule called for a stradaptive test, an initial ability estimate was
generated which was either fixed at the mean gf the ability distribution (so



everyone entered at the middle stratum) or sampled from a normal distribution
about the mean of the ability distribution with a varying degree of correlation
with the generating ability. A test protocol was then generated. and scored
with length being controlled either by the standard termination criterion for
Variable-Length Stradaptive, or a schedule-dictated termination criterion for
Fixed-Length Stradaptive. The scores from this test were then written on the
data file and the procedure was repeated until a sufficient number of testees
had been run.

Figure C-1

Schematic Representation of the
Simulation Program System (Arrows
Represent Plow of Information)

The data analysis programs. The data analysis programs read from the data
file generated by the data generation program, calculated appropriate statis-
tics, and printed the results on the teletype. Following this, the data file

was free to be written upon again. All statistical analyses were programmed
specifically for this research, using common formulas for descriptive statis-
tics and correlations, and formulas described in the Data Analysis section for
informational statistics.
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